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Though  the  tools  of  economic  analysis  have  been  changing  in  the  last  fifty  years,  the 
major  issues  of  macroeconomics  are  still  economic  growth  and  business  cycle.  In  business 
cycle  research,  economists  tried  to  address  the  issues  of  what  factors  cause  business 
cycles  and  how  governments  affect  economy  by  using  monetary  policy  and  fiscal  policy. 
In  this  dissertation,  I first  empirically  explore  one  of  the  operations  of  Federal  Reserve’s 
monetary  policy,  discount  rate  announcement,  in  the  past  30  years  in  which  Federal 
Reserve  changed  its  operating  procedure  three  times.  The  variety  of  policy  regimes  allows 
us  to  determine  whether  the  role  of  the  discount  rate  depends  systematically  on  the  form 
of  Fed  operating  procedure  as  suggested  in  the  literature  on  discount  rate  announcement 
effects.  I then  examine  the  robustness  of  a very  popular  dynamic  business  cycle  model 
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- a real  business  cycle  model  which  identifies  technology  shock  as  the  only  important 
factor  which  causes  business  cycle.  By  checking  the  robustness  of  the  model,  I can  see 
whether  the  type  of  model  is  well  established,  and  therefore,  how  seriously  the  results  and 
conclusions  from  the  model  should  be  treated.  I finally  analyze  the  filtering  methodology 
in  time  series  and  business  cycle  research,  and  by  using  spectral  analysis,  I show  that  high 
and  low  pass  filters  have  great  potential  in  those  two  fields. 
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CHAPTER  1 


INTRODUCTION 

This  dissertation  is  a collection  of  related  essays.  The  first  essay  discusses  the  role 
of  the  discount  rate  in  monetary  policy.  The  second  essay  studies  how  small  changes  in 
calibrated  parameters  affect  the  robustness  of  the  simulation  methodology  used  in  real 
business  cycle  models.  The  third  essay  examines  the  filtering  methodology  frequently 
employed  in  macro-time  series  study,  especially  its  application  in  real  business  cycle 
models. 

The  first  essay  examines  the  role  that  the  discount  rate  has  played  in  monetary 
policy  over  the  thirty  year  period  from  1974  to  1993.  Most  discussions  of  monetary  policy 
are  somewhat  ambivalent  about  the  role  of  the  discount  rate.  Based  on  frequency  of  use, 
for  example,  the  discount  rate  would  appear  to  be  far  less  important  than  open  market 
operations  as  a policy  instrument.  Moreover,  empirical  research  on  monetary  policy  tends 
to  overlook  the  discount  rate,  as  reduced-form  studies  of  monetary  policy  rarely  include 
the  discount  rate  as  a measure  of  policy  actions.  But  in  practice,  discount  rate  changes  are 
far  more  "public"  than  policy  changes  implemented  through  open  market  operations,  and 
discount  rate  changes  are  frequently  associated  with  large  movements  in  market  interest 
rates  and  other  asset  prices.  Is  the  discount  rate  really  an  important  policy  tool  or  is  it 
merely  a sideshow  to  monetary  policy?  And,  if  discount  rate  changes  have  little  policy 
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significance,  what  purpose  do  they  serve?  The  time  period  I choose  to  analyze  is  unique 
because,  during  this  time,  the  Federal  Reserve  changed  its  operating  procedures  three 
times-from  interest  rate  targeting  (pre-October  1979),  to  nonborrowed  reserve  targeting 
(October  1979  to  late  1982),  to  borrowed  reserve  targeting  (1983  to  late  1988),  and  back 
to  interest  rate  targeting  (late  1989).  In  contrast  to  the  simple  textbook  representation  of 
discount  rate  policy,  which  views  the  discount  rate  and  open  market  operations  as 
separated  and  largely  independent  policy  instruments,  the  results  of  my  empirical  analysis 
suggest  that  the  role  of  the  discount  rate  has  changed  over  time  as  the  Fed  has  altered  its 
operating  procedures. 

In  the  second  essay  I check  the  sensitivity  of  simulation  results  to  the  calibration 
of  a RBC  model’s  parameters.  In  particular,  although  the  calibration  approach  is  careful 
to  use  parameter  values  that  have  been  established  by  other  research  and  /or  thorough 
examinations  of  the  data,  nonetheless  for  each  parameter  there  exists  a range  of  values 
that  may  possibly  be  specified.  This  essay  explores  the  sensitivity  of  results  from  real 
business  cycle  models  to  small  changes  in  the  assigned  value  by  making  small 
perturbations  in  the  parameters.  I use  a conventional  real  business  cycle  framework  and 
make  small  changes  to  the  parameters  one  at  a time,  then  two  at  a time,  and  so  forth.  I 
then  investigate  how  these  changes  affect  the  model’s  calculated  variances  and 
covariances.  By  so  doing  I offer  another  perspective  on  the  robustness  of  real  business 
cycle  models.  Also,  I check  the  fit  for  the  different  calibrations  not  just  by  comparing  the 
second  moments  from  the  simulated  data  with  those  from  U.S.  data,  but  also  by  using 
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Watson's  residual  (the  difference  between  actual  data  and  simulated  data,  see  Watson 
1993)  to  see  whether  the  simulated  data  and  actual  data  have  similar  cross-time 
characteristics.  Finally,  a last  comparison  is  made  between  the  simulated  and  actual  data 
by  transforming  them  to  the  frequency  domain,  and  then  comparing  their  spectral 
distributions. 

In  the  third  essay,  I propose  a two-step  band  width  filtering  procedure.  Since  the 
publication  of  Kydland  and  Prescott  (1982),  dynamic  real  business  cycle  models  have 
been  an  increasingly  important  part  of  the  monetary  economics  literature.  In  then- 
fundamental  paper,  Kydland  and  Prescott  proposed  a new  methodology  which  has  been 
widely  applied  in  business  cycle  research.  An  important  part  of  this  methodology  is  that 
both  the  model  generated  artificial  data  and  actual  data  are  filtered  by  the  so-called  the 
HP  filter  before  comparing  their  statistics.  In  this  paper,  following  King  and  Rebelo 
(1993),  I study  the  effect  of  using  the  HP  filter  in  this  way.  And  I propose  a new 
procedure  to  measure  the  fit  of  real  business  cycle  models  more  in  line  with  the  purpose 
of  the  filtering,  somewhat  as  was  suggested  by  Prescott  (1986).  The  idea  is  that  attaining 
stationary  is  not  the  whole  purpose  of  using  the  HP  filter.  Instead,  by  adjusting  the 
smoothing  parameter,  the  HP  filter  can  remove  (or  reduce  the  power  of)  components  of 
a time  series  below  any  specific  frequency.  For  business  cycle  analysis,  we  need  to 
eliminate  those  components  whose  cycles  are  longer  than  8 years.  I suggest  that  a proper 
adjustment  of  the  smoothing  parameter  of  the  HP  filter  should  leave  the  spectrum  of  the 
detrended  data  very  close  to  the  true  spectrum  of  "nontrend-part"  of  the  data.  Since  in  the 
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frequency  domain  different  frequency  components  are  orthogonal  to  each  other,  we  can 
easily  pick  the  frequency  range  we  need  and  calculate  their  variance  and  covariance.  The 
application  of  this  procedure,  however,  should  not  be  restricted  to  calibrated  models,  but 
should  be  used  anywhere  we  need  to  detrend,  to  isolate  a certain  range  of  frequency 
changes  without  imposing  any  prior  specification  assumptions. 


CHAPTER  2 


THE  ROLE  OF  THE  DISCOUNT  RATE  IN  MONETARY  POLICY 

2.1  Introduction 

Most  discussions  of  monetary  policy  are  somewhat  ambivalent  about  the  role  of 
the  discount  rate.  Based  on  frequency  of  use,  for  example,  the  discount  rate  would  appear 
to  be  far  less  important  than  open  market  operations  as  a policy  instrument.  Moreover, 
empirical  research  on  monetary  policy  tends  to  overlook  the  discount  rate  as  reduced-form 
studies  of  monetary  policy  rarely  include  the  discount  rate  as  a measure  of  policy  actions. 
In  contrast,  however,  textbook  discussions  of  monetary  policy  treat  the  discount  rate  as 
one  of  the  Federal  Reserve’s  three  principal  policy  tools.  And,  in  practice,  discount  rate 
changes  are  far  more  "public"  than  policy  changes  implemented  through  open  market 
operations,  and  discount  rate  changes  are  frequently  associated  with  large  movements  in 
market  interest  rates  and  other  asset  prices. 

Is  the  discount  rate  really  an  important  policy  tool  or  is  it  merely  a sideshow  to 
monetary  policy?  And,  if  discount  rate  changes  have  little  policy  significance,  what 
purpose  do  they  serve?  Surprisingly,  there  has  been  little  research  on  these  questions. 
Most  of  the  literature  has  focused  on  the  narrow  issue  of  whether  discount  rate  changes 
have  announcement  effects,"  that  is,  whether  discount  rate  changes  provide  new 
information  to  financial  markets.  Despite  its  limited  focus,  this  literature  has  three 
findings  that  bear  on  the  more  general  questions  about  the  role  of  the  discount  rate.  First, 
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many  studies  have  established  the  existence  of  announcement  effects  in  fixed  income, 
equity,  and  foreign  exchange  markets.  This  suggests  that  financial  markets  believe  that 
discount  rate  changes  convey  significant  information  about  monetary  policy.  Second,  the 
existence  of  announcement  effects  has  varied  across  time  periods,  indicating  that  the 
Federal  Reserve’s  use  of  the  discount  rate  may  have  changed  over  time.  Third,  the 
existence  of  announcement  effects  appears  to  depend  systematically  on  the  Federal 
Reserve’s  choice  of  operating  procedures.  While  announcement  effects  are  consistently 
present  in  the  period  after  October  1979,  they  appear  only  sporadically  or  not  at  all  in  the 
pre-October  1979  period.  Thus,  the  choice  of  operating  procedures  may  condition  the  role 
that  the  discount  rate  plays  in  monetary  policy. 

This  paper  presents  a more  detailed  study  of  Federal  Reserve  discount  rate  policy 
by  examining  the  role  that  the  discount  rate  has  played  in  monetary  policy  over  the 
twenty-year  period  from  1974  to  1993.  This  period  is  unique  because,  during  this  time, 
the  Federal  Reserve  changed  its  operating  procedures  three  times  — from  interest  rate 
targeting  (pre-October  1979),  to  nonborrowed  reserve  targeting  (October  1979  to  late 
1982),  to  borrowed  reserve  targeting  (1983  to  late  1988),  and  back  to  interest  rate 
targeting  (late  1989).  The  variety  of  policy  regimes  allows  us  to  determine  whether  the 
role  of  the  discount  rate  depends  systematically  on  the  form  of  Fed  operating  procedures 
as  suggested  in  the  announcement  literature. 

The  basic  premise  of  our  approach  is  that  discount  rate  changes  cannot  be 
analyzed  in  isolation;  to  understand  the  role  of  the  discount  rate,  we  also  need  to  know 
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how  the  Fed  is  using  open  market  operations.  Because  discount  rate  changes  and  open 
market  operations  are  alternative  ways  of  implementing  policy,  we  need  to  know  whether 
their  changes  are  independent,  whether  they  reinforce  each  other,  or  whether  they  are 
offsetting  in  order  to  judge  how  the  discount  rate  is  being  used.  While  discount  rate 
changes  are  observable,  policy  changes  implemented  through  open  market  operations  are 
rarely  identified  by  the  Fed.  In  this  paper,  we  characterize  a policy  change  in  open  market 
operations  as  a change  in  the  current  setting  of  the  Fed’s  operating  target,  and  we  use 
newly-constructed  series  on  Fed  operating  targets  to  measure  open  market  actions. 

Our  results  demonstrate  how  the  choice  of  operating  procedures  conditions  the  role 
that  the  discount  rate  plays  in  monetary  policy.  In  both  the  nonborrowed  reserve  period 
and  the  borrowed  reserve  period,  we  find  that  the  discount  rate  is  used  as  an  independent 
policy  instrument  to  adjust  reserve  availability  and  market  interest  rates.  In  contrast,  in 
the  two  interest  rate  targeting  regimes,  discount  rate  changes  are  not  used  to  implement 
policy  changes.  Rather,  discount  rate  changes  are  designed  to  maintain  the  alignment  of 
the  discount  rate  with  market  rates  to  control  the  level  of  discount  window  borrowing  or 
to  reinforce  a contemporaneous  open  market  action. 

The  next  section  of  the  paper  examines  the  rationale  for  discount  rate  changes  both 
as  a monetary  policy  instrument  and  as  a means  of  achieving  other  objectives.  The 
following  section  shows  how  the  choice  of  operating  procedures  affects  the  scope  of 
discount  rate  actions.  The  final  section  presents  empirical  evidence  on  the  role  the 
discount  rate  has  played  in  each  of  the  operating  regimes  over  the  1974-1993  period. 
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2.2  Alternative  Views  of  the  Discount  Rate 
Traditionally,  the  discount  rate  has  been  seen  as  an  alternative  to  open  market 
operations  as  a policy  instrument.  In  this  view,  monetary  policy  works  through  the  impact 
of  changes  in  reserve  availability  on  short-term  money  market  interest  rates.  Reserve 
availability  can  be  adjusted  either  through  changes  in  the  amount  of  nonborrowed  reserves 
provided  through  open  market  operations  or  through  changes  in  borrowed  reserves 
provided  through  the  discount  window.  Banks’  willingness  to  borrow  at  the  discount 
window  is  generally  believed  to  depend  on  the  spread  between  the  federal  funds  rate, 
which  represents  the  cost  of  obtaining  reserves  in  the  market,  and  the  discount  rate. 
Discount  rate  changes  can  affect  market  interest  rates  by  altering  the  incentive  of  banks 
to  obtain  reserves  at  the  discount  window  rather  than  by  funding  their  reserve  position  in 
the  federal  funds  market.  Thus,  for  example,  an  increase  in  the  discount  rate  tends  to 
increase  the  cost  of  obtaining  reserves  through  the  discount  window  and  causes  banks  to 
attempt  to  obtain  reserves  in  the  funds  market.  This  shift  in  the  source  of  funding  tends 
to  put  upward  pressure  on  the  funds  rate  that  is  then  transmitted  to  other  market  rates. 
This  stylized  view  that  discount  rate  changes  and  open  market  operations  are 
interchangeable  obviously  conflicts  with  their  use  in  practice.  Since  the  1920s,  the 
Federal  Reserve  has  employed  the  open  market  operation  as  its  primary  policy  instrument. 
Thus,  the  Fed  uses  daily  "defensive"  open  market  operations  to  offset  the  impact  of 
factors  affecting  reserve  availability.  More  importantly,  however,  when  the  Fed 
implements  a discretionary  change  in  policy,  it  generally  does  so  through  open  market 
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operations  rather  than  the  discount  rate.  For  example,  in  the  period  studied  in  this  paper, 
we  calculate  that  the  Fed  made  241  discretionary  changes  in  open  market  operations  but 
made  only  50  discount  rate  changes.  Thus,  during  this  period,  only  20  percent  of 
discretionary  policy  actions  involve  a discount  rate  change. 

Moreover,  even  when  the  Federal  Reserve  changes  the  discount  rate,  the  change 
may  have  no  overt  policy  significance.  Indeed,  as  the  following  quotation  suggests,  the 
Fed  has  tended  to  interpret  the  role  of  the  discount  rate  much  more  broadly  than  the 
traditional  view. 


Criteria  for  Discount  Rate  Changes 

As  a general  rule,  the  timing  of  discount  rate  changes  depends  upon  changes  in  short-term 
market  rates  of  interest:  that  is,  market  rates  on  those  short-term  liquid  assets— ranging  from  the 
shortest  term  Treasury  bills  to  government  and  other  securities  of  somewhat  longer  maturity  — that 
banks  hold  as  secondary  reserves.  Although  there  is  no  simple  mechanical  relationship  between  the 
appropriate  discount  rate  and  the  constellation  of  existing  market  rates,  discount  rate  policy  is 
guided  by  the  desirability  of  preventing  so  large  a differential  that  member  bank  borrowing  is 
unduly  encouraged  or  discouraged. 

Thus,  discount  rates  tend  to  follow  market  rates,  usually  with  a lag.  There  have  been 
periods,  however,  when  discount  rates  have  remained  high  or  low  relative  to  market  rates  for  a 
considerable  span  of  time.  In  some  instances,  the  frequency  of  Treasury  financing  operations  has 
left  few  if  any  opportunities  when  discount  rates  could  be  altered  conveniently.  In  other  cases,  it 
was  considered  that  market  rates  were  under  the  influence  of  transitory  forces  and  would  soon 
return  to  earlier  levels  and  therefore  to  discount  rates.  In  addition,  it  has  not  been  considered 
necessary  to  lower  discount  rates  as  far  as  market  rates  decline  in  periods  of  recession  and 
monetary  ease;  in  such  periods,  member  bank  borrowings  fall  to  very  low  levels,  and  discount  rates 
have  little  influence  on  the  actions  of  banks.  At  times,  balance-of-payment  considerations  may 
affect  the  timing  and  extent  of  discount  rate  changes.  In  so  far  as  discount  rates  interact  with  and 
influence  short-term  markets  rates,  they  have  an  impact  on  international  short-term  capital 
movements. 

A change  in  discount  rates  is  frequently  regarded  by  the  public  as  an  indication  of  a 
change  in,  or  a reinforcement  of,  the  direction  of  existing  monetary  policy.  Possible  public 
reactions  to  discount  rate  changes  are  accordingly  taken  into  account  when  such  changes  are  being 
considered.  From  the  viewpoint  of  monetary  policy  there  are  times  when  it  is  desirable  to  utilize 
a change  in  discount  rates  as  a signal  to  the  public  that  the  economic  situation  and  the  posture  of 
monetary  policy  have  changed.  This  might  call  for  a change  in  discount  rates  in  a way  that  leads 
rather  than  follows  market  rates.  Most  commonly,  however,  changes  in  discount  rates  are  of  a 
routine  nature,  designed  merely  to  keep  discount  rates  in  line  with  market  rates. 


10 

(The  Federal  Reserve  and  the  Treasury:  Answers  to  the  Commission  on  Money  and  Credit,  1963 

p.122) 

From  this  discussion,  it  is  clear  that  a principal  objective  of  many  discount  rate 
changes  has  been  to  realign  the  discount  rate  with  market  rates,  that  is,  to  change  the 
funds  rate/discount  rate  spread  so  as  to  control  the  amount  of  discount  window  borrowing. 
The  Fed  s concern  with  the  level  of  borrowing  has  a number  of  possible  explanations. 
On  the  one  hand,  if  the  discount  rate  is  below  market  rates,  borrowers  are  being 
subsidized  and  the  Fed  may  wish  to  control  the  aggregate  amount  of  this  subsidy  by  using 
the  discount  rate  to  control  the  size  of  the  spread.  There  is  also  a common  perception 
that  borrowing  at  below  market  rates  undercuts  the  restrictiveness  of  monetary  policy. 
The  Fed  may  want  to  reduce  the  spread  and  thereby  limit  the  overall  level  of  borrowing 
to  avoid  sending  mixed  signals  about  its  policy  stance. 

On  the  other  hand,  there  are  also  reasons  why  the  Fed  might  want  to  use  the 
discount  rate  to  maintain  a positive  spread  and  a minimum  amount  of  borrowing.  One 
of  the  functions  of  the  discount  window  is  to  cushion  the  reserve  market  and  interest  rates 
from  unexpected  changes  in  reserve  availability.  If  market  rates  fall  below  the  discount 
rate,  banks  would  have  no  incentive  to  use  the  discount  window,  and  short-term  money 
market  volatility  would  likely  increase.  In  this  event,  the  Fed  may  want  to  change  the 
discount  rate  so  as  to  maintain  a positive  spread.  An  additional  factor  relevant  prior  to  the 
passage  of  the  Monetary  Control  Act  of  1980  was  the  issue  of  Fed  membership.  Access 
to  the  discount  window  was  one  of  the  principal  benefits  of  membership  in  the  Federal 
Reserve  System  and  a positive  spread  tended  to  increase  the  value  of  Fed  membership. 
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Even  when  a discount  rate  change  is  policy-related,  the  above  quotation  suggests 
that  the  quantitative  impact  on  reserve  availability  may  be  less  important  than  the  signal 
sent  about  the  Fed’s  policy  stance.  The  use  of  the  discount  rate  to  signal  current  or 
prospective  policy  actions  may  reflect  its  pattern  of  use.  Because  discount  rate  changes 
are  made  relatively  infrequently  and  are  publicly  announced,  they  may  receive  more 
attention  than  an  equivalent  open  market  operation.  Thus,  as  suggested  in  the  above 
quotation,  a discount  rate  change  that  accompanies  an  open  market  operation  may  send 
a stronger  signal  than  an  open  market  operation  alone  by  indicating  that  a move  in  market 
rates  in  one  direction  is  permanent  rather  than  temporary  or  that  the  next  major  policy 
action  is  likely  to  be  in  that  same  direction. 

If  the  Federal  Reserve  uses  the  discount  rate  to  achieve  multiple  objectives,  what 
factors  govern  its  use?  One  possibility  is  that  decisions  are  largely  judgmental  and  driven 
by  particular  circumstances.  If  so,  it  is  unlikely  that  we  would  find  any  systematic  pattern 
to  discount  rate  changes.  The  alternative,  pursued  in  this  paper,  is  that  the  role  of  the 
discount  rate  is  largely  conditioned  by  the  Fed’s  choice  of  operating  procedures  and  that 
changes  in  operating  procedures  over  time  may  alter  the  principal  focus  of  discount  rate 
policy. 

The  argument  that  discount  rate  policy  is  conditioned  by  operating  procedures  was 
first  presented  by  Lombra  and  Torto  (1977).  In  a comment  on  early  empirical  studies  of 
discount  rate  announcement  effects,  Lombra  and  Torto  suggested  that  announcement 
effects  should  not  be  present  under  an  operating  procedure  that  targets  interest  rates. 
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They  argued  that  under  a federal  funds  rate  targeting  procedure,  discount  rate  changes 
tend  to  lag  behind  changes  in  market  rates  and  most  discount  rate  changes  are  technical 
adjustments  designed  to  align  the  discount  rate  with  market  rates.  In  these  circumstances, 
discount  rate  changes  should  provide  no  new  policy  information  to  financial  markets,  and, 
because  they  are  not  policy-related,  discount  rate  changes  should  not  generate 
announcement  effects. 

The  view  that  the  discount  rate  can  play  a different  role  under  alternative  operating 
procedures  received  further  attention  with  the  shift  by  the  Federal  Reserve  from  interest 
rate  targeting  to  nonborrowed  reserve  targeting  in  October  1979.  Sellon  (1980)  pointed 
out  that  the  role  of  the  discount  rate  is  potentially  very  different  under  the  two  procedures. 
Under  funds  rate  targeting,  the  discount  rate  plays  a secondary  role  to  open  market 
operations  as  a policy  instrument  as  emphasized  by  Lombra  and  Torto.  In  this  operating 
procedure,  open  market  operations  are  used  to  maintain  the  funds  target  or  to  move  the 
funds  target  to  implement  a change  in  the  Fed’s  policy  stance.  Discount  rate  changes  are 
not  needed  to  set  or  change  the  funds  rate  target.  In  contrast,  under  a nonborrowed 
reserves  targeting  procedure,  open  market  operations  are  directed  at  maintaining  a level 
of  nonborrowed  reserves  consistent  with  desired  money  growth.  There  is  broader  scope 
for  the  discount  rate  because  policy  changes  can  be  implemented  either  by  using  open 
market  operations  to  change  the  nonborrowed  reserve  target  or  by  changing  the  discount 
rate  with  a given  nonborrowed  reserve  target.  Either  approach  can  generate  a desired 
change  in  the  federal  funds  rate. 
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The  more  recent  announcement  effect  literature  has  focused  on  the  importance  of 
operating  procedures  by  examining  whether  the  October  1979  shift  from  funds  rate 
targeting  to  nonborrowed  reserves  targeting  affected  the  market’s  reaction  to  discount  rate 
changes  [Roley  and  Troll  (1984),  Smirlock  and  Yawitz  (1985),  Cook  and  Hahn  (1988)]. 
Generally  speaking,  most  studies  find  that  announcement  effects  are  found  consistently 
in  the  post-October  1979  period,  but  are  absent  or  appear  only  sporadically  prior  to  the 
shift  in  operating  procedures.  The  differential  market  reaction  in  the  two  periods  suggests 
that  the  role  of  the  discount  rate  may,  indeed,  have  changed  with  the  switch  in  operating 
procedures. 

This  paper  goes  beyond  the  announcement  effect  literature  in  two  ways.  First, 
existing  studies  look  only  at  the  October  1979  change  in  operating  procedures  and  include 
data  only  through  1985.  By  examining  both  the  shift  to  borrowed  reserve  targeting  in 
1983  and  the  change  back  to  funds  rate  targeting  in  the  late  1980s,  we  have  additional 
observations  on  operating  regimes  that  allow  us  to  say  whether  discount  rate  policy 
depends  systematically  on  operating  procedures.  Second,  the  announcement  effect 
literature  focuses  on  the  narrow  issue  of  whether  discount  rate  changes  provide  new 
information  to  financial  markets.  We  are  interested  in  the  broader  question  of  how  the 
discount  rate  is  used  and  how  the  choice  of  operating  procedures  affects  its  role. 

2.3  The  Role  of  the  Discount  Rate  Under  Alternative  Operating  Procedure 

At  a very  general  level,  monetary  policy  can  be  described  as  the  use  of  policy 
instruments  such  as  the  Fed’s  security  portfolio,  the  discount  rate,  and  reserve 
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requirements  to  achieve  longer  term  objectives  defined  in  terms  of  favorable 
macroeconomic  performance.  In  implementing  policy,  the  Fed  also  makes  use  of 
intermediate  and  operating  targets  [Davis  (1990)].  Intermediate  targets  serve  as  medium 
term  guideposts  toward  the  achievement  of  the  ultimate  policy  objectives,  while  operating 
targets  are  the  focus  of  daily  or  weekly  policy  actions.  Indeed,  it  is  useful  to  think  of  an 
operating  target  as  defining  the  current  stance  of  monetary  policy  and  changes  in  the 
operating  target  as  a policy  action  or  change  in  policy  [McNees  (1992)]. 

Over  the  years,  the  Federal  Reserve  has  used  a variety  of  operating  targets  to 
implement  policy  [Meulendyke  (1990)].  Prior  to  the  1970s,  the  Fed  generally  focused  on 
the  level  of  free  reserves  in  the  banking  system.  After  a brief  experiment  with  the  use 
of  nonborrowed  reserves  or  reserves  behind  private  deposits  (RPDs)  in  the  early  1970s, 
the  Fed  began  to  focus  on  direct  control  of  the  federal  funds  rate.  Funds  rate  targeting 
was  abandoned  in  favor  of  nonborrowed  reserve  targeting  in  October  1979,  and  the  Fed 
subsequently  moved  to  a borrowed  reserves  target  in  late  1982.  Toward  the  end  of  the 
1980s,  the  Fed  moved  back  to  a funds  rate  operating  procedure. 

In  each  of  these  operating  regimes,  the  Fed  has  used  open  market  operations  as 
its  principal  tool  for  controlling  the  operating  target.  That  is,  so-called  "defensive"  open 
market  operations  are  used  on  a daily  basis  to  offset  the  impact  of  factors  that  might 
cause  the  operating  target  to  deviate  from  its  desired  level.  And,  if  the  Fed  wants  to 
change  its  policy  stance,  it  can  do  so  by  using  open  market  operations  to  adjust  the 
desired  value  of  the  operating  target.  Given  the  primacy  of  open  market  operations  in  the 
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implementation  of  policy,  we  are  interested  in  determining  the  role  played  by  the  discount 
rate  and  whether  this  role  may  be  different  under  alternative  operating  procedures.  In  the 
period  studied  in  this  paper,  there  are  three  different  operating  regimes:  funds  rate 
targeting,  nonborrowed  reserve  targeting,  and  borrowed  reserve  targeting. 

2.3.1  Funds  Rate  Targeting 

Under  a federal  funds  rate  operating  procedure,  the  Fed  chooses  a level  of  the 
funds  rate  that  is  thought  to  be  consistent  with  desired  growth  in  intermediate  targets, 
such  as  monetary  aggregates,  or  ultimate  policy  targets.1  Open  market  operations  are 
used  to  maintain  the  desired  funds  rate  and  to  change  the  rate  in  response  to  the  behavior 
of  intermediate  and  ultimate  targets.  A unique  feature  of  funds  targeting  is  that  there  is 
very  little  mystery  about  when  policy  is  changed  since  the  new  funds  target  will  be 
readily  apparent  to  financial  markets. 

In  this  operating  system,  the  discount  rate  clearly  plays  a secondary  role  to  open 
market  operations.  Since  discount  rate  changes  are  not  used  to  change  the  funds  target, 
they  can  not  be  used  to  implement  an  immediate  change  in  monetary  policy.  However, 
under  funds  rate  targeting,  discount  rate  changes  can  be  used  to  directly  control  the 
amount  of  discount  window  borrowing.  With  a fixed  funds  rate  target,  a discount  rate 
change  alters  the  spread  between  the  discount  rate  and  funds  rate  and  so  alters  banks 
incentive  to  use  the  discount  window.  As  discussed  above,  the  Fed  may  want  to  maintain 

A more  detailed  discussion  of  Federal  Reserve  operating  procedures  under 
funds  rate  targeting  can  be  found  in  Lombra  and  Torto  (1975). 
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some  minimum  amount  of  borrowing  but  may  also  want  to  prevent  excessive  amounts  of 
borrowing.  Discount  rate  changes  can  be  used  to  maintain  the  desired  level  of  borrowing. 

In  addition,  discount  rate  changes  can  also  be  used  for  signaling  by  reinforcing  an 
open  market  action.  For  example,  given  its  infrequent  use,  a discount  rate  change  that 
accompanies  a change  in  the  funds  target  may  send  a stronger  message  to  financial 
markets  than  a change  in  the  funds  target  alone.  Part  of  the  message  may  be  a suggestion 
that  the  Fed  believes  that  the  current  direction  of  interest  rate  movements  is  likely  to 
continue  and  that  future  changes  in  the  funds  target  are  forthcoming. 

2.3.2  Nonborrowed  Reserve  Targeting 

In  a nonborrowed  reserves  operating  system,  a target  level  of  nonborrowed 
reserves  is  derived  from  desired  growth  in  intermediate  or  ultimate  targets.2  Open  market 
operations  are  assigned  the  task  of  maintaining  the  desired  level  of  nonborrowed  reserves 
or  adjusting  the  nonborrowed  target  in  light  of  changes  in  the  behavior  of  intermediate 
or  ultimate  targets.  Under  this  system,  a change  in  the  nonborrowed  target  will  directly 
affect  credit  conditions  through  a change  in  the  federal  funds  rate.  However,  unlike  funds 
rate  targeting,  a discount  rate  change  unaccompanied  by  an  offsetting  change  in  the 
nonborrowed  reserves  target  will  also  directly  affect  the  funds  rate.  Thus,  in  a 
nonborrowed  system,  the  discount  rate  can  be  used  to  implement  a change  in  monetary 
policy. 

for  a more  complete  description  of  the  nonborrowed  reserves  operating 
procedures  see  Federal  Reserve  Bank  of  New  York  (1980)  and  Board  of  Governors  of 
the  Federal  Reserve  System  (1981). 
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Under  a nonborrowed  operating  procedure,  the  discount  rate  can  also  be  used  to 
control  the  level  of  discount  window  borrowing.  To  affect  borrowing,  a discount  rate 
change  must  alter  the  spread  between  the  funds  rate  and  discount  rate.  Under  a 
nonborrowed  reserves  procedure,  this  requires  an  offsetting  change  in  the  nonborrowed 
reserves  target.  For  example,  to  alter  the  spread,  a discount  rate  increase  would  have  to 
be  accompanied  by  an  increase  in  the  nonborrowed  reserves  target  designed  to  prevent 
the  funds  rate  from  increasing  by  the  same  amount  as  the  change  in  the  discount  rate. 
While  this  offset  may  be  relatively  easy  to  implement,  the  Federal  Reserve  could  be 
reluctant  to  use  it  because  it  could  be  viewed  as  an  indirect  return  to  funds  rate  targeting. 

In  a nonborrowed  system,  a discount  rate  change  can  also  provide  a signal  to 
financial  markets  about  either  current  or  future  policy  actions.  The  Federal  Reserve 
generally  does  not  immediately  announce  a change  in  policy  implemented  through  open 
market  operations  under  any  operating  procedure.  This  is  not  particularly  important  under 
a funds  rate  targeting  regime  as  changes  in  the  funds  target  are  readily  discerned  by  the 
market  [Cook  and  Hahn  (1989B)].  However,  in  a reserves  operating  procedure,  it  may 
take  financial  markets  longer  to  see  that  policy  has  been  altered.  Thus,  in  a nonborrowed 
reserve  procedure,  the  fact  that  a discount  rate  change  is  publicly  announced  suggests  that 
it  may  be  particularly  informative  about  a change  in  policy. 

2.3.3  Borrowed  Reserve  Targeting 

Under  a borrowed  reserves  operating  procedure,  the  Federal  Reserve  sets  an 
objective  for  discount  window  borrowing  thought  to  be  consistent  with  the  desired 
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behavior  of  intermediate  and  ultimate  targets.3  In  this  approach,  a tightening  or  easing 
of  policy  is  accomplished  by  increasing  or  decreasing  the  desired  level  of  discount 
window  borrowing.  Open  market  operations  are  assigned  the  task  of  keeping  borrowing 
on  target  or  altering  the  borrowing  objective  to  implement  a change  in  policy. 

In  this  system,  like  the  nonborrowed  procedures,  discount  rate  changes  can  have 
a direct  impact  on  credit  availability  and  market  interest  rates.  That  is,  the  Fed  can 
implement  a change  in  the  federal  funds  rate  either  by  changing  the  borrowing  target  with 
an  unchanged  discount  rate  or  by  changing  the  discount  rate  with  an  unchanged  borrowing 
objective.  The  discount  rate  can  also  be  used  to  control  the  level  of  discount  window 
borrowing,  but,  like  the  nonborrowed  system,  alignment  changes  in  the  discount  rate 
require  a coordinated  change  in  the  discount  rate  and  operating  target.  For  example,  a 
discount  rate  increase  designed  to  lower  borrowing  by  reducing  the  spread  would  require 
a lower  borrowing  objective  designed  to  cushion  the  funds  rate  from  the  impact  of  the 
higher  discount  rate.  Finally,  as  in  the  nonborrowed  regime,  discount  rate  changes  may 
be  more  informative  about  monetary  policy  than  an  equivalent,  but  unannounced,  change 
in  the  operating  target. 


More  detailed  discussion  of  the  borrowed  reserves  operating  period  can  be 
found  in  Wallich  (1984),  Sellon  (1986),  and  Thornton  (1988). 
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2.4  Empirical  Analysis 

2.4.1  Data 

To  examine  the  role  that  the  discount  rate  plays  in  monetary  policy,  we  study  the 
relationship  between  discount  rate  changes  and  contemporaneous  and  future  changes  in 
operating  targets  using  weekly  data  over  the  period  1974  to  1993.  We  divide  the  sample 
into  four  subperiods  based  on  the  Federal  Reserve’s  choice  of  an  operating  target:  Period 
I-funds  rate  targeting(  1974-79),  Period  II-nonborrowed  reserves  targeting!  1979-82),  Period 
Ill-borrowed  reserves  targeting!  1983-88),  and  Period  IV-funds  rate  targeting!  1989-93). 

Descriptive  features  of  discount  rate  behavior  over  our  sample  period  can  be  found 
in  Figure  2.1  and  Table  2.1.  In  our  empirical  work,  we  use  week-ended  Wednesday 
values  for  the  Federal  Reserve’s  basic  discount  rate.4  Over  the  sample  period,  the 
discount  rate  ranged  from  a low  of  5.25  % in  the  mid  1970s  to  peak  of  14%  in  1981,  and 
fell  to  its  current  level  of  3%  in  1992.  This  figure  suggests  several  stylized  features  of 
discount  rate  changes.  Discount  rate  changes  are  relatively  infrequent,  are  typically 
bunched  together,  and  are  not  readily  reversed.  Of  the  four  subsamples,  only  in  period 
II  - the  nonborrowed  reserve  period  - does  discount  rate  behavior  look  notably  different, 
with  discount  rate  changes  appearing  to  be  larger  and  more  frequent  than  other  periods. 


During  1980  and  again  in  1981-82,  the  Federal  Reserve  imposed  a surcharge 
on  the  basic  discount  rate  aimed  at  discouraging  borrowing  by  large  banks.  Because  all 
changes  in  the  surcharge  occurred  in  conjunction  with  changes  in  the  basic  rate,  we  do 
not  believe  that  it  would  be  possible  to  separate  their  effects  and  so  we  concentrate  on 
the  behavior  of  the  basic  discount  rate  in  this  paper. 
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Figure  1.1  Discount  Rate  Changes  During  1974  - 1994. 
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Table  2.1  provides  a more  detailed  look  at  discount  rate  behavior  in  the  different 
subsamples.  As  suggested  in  Figure  2.1,  the  nonborrowed  reserves  period  stands  out  from 
the  other  periods  with  larger  and  more  frequent  discount  rate  changes.  There  also  seems 
to  be  an  overall  reduction  in  the  Fed’s  use  of  the  discount  rate  after  1982.  Indeed, 
discount  rate  changes  are  only  half  as  frequent  in  the  second  funds  rate  targeting  period 
as  compared  to  the  first  funds  rate  targeting  period.  Comparing  columns  4 and  7,  we  see 
that  operating  targets  are  changed  far  more  frequently  than  the  discount  rate  in  each 
subperiod. 

A distinguishing  feature  of  this  study  is  the  use  of  actual  Federal  Reserve 
operating  targets  to  measure  open  market  operations.  Data  on  Fed  operating  targets  were 
obtained  from  a variety  of  sources.  For  the  first  federal  funds  targeting  period  we  use  the 
FOMC  funds  rate  targets  as  reported  in  Cook  and  Hahn  (1989A).  Our  sample  period  runs 
from  October  30,  1974  (the  beginning  of  the  target  series)  to  October  3,  1979,  the  week 
prior  to  the  October  6 change  in  operating  procedures. 

For  the  nonborrowed  reserves  regime,  as  a measure  of  the  Fed’s  operating  target 
we  use  policy-related  changes  in  the  nonborrowed  reserve  path  as  reported  in  the  weekly 
report  of  open  market  operations  compiled  by  the  trading  desk  at  the  Federal  Reserve 
Bank  of  New  York.  Under  the  nonborrowed  reserve  operating  procedures,  Fed  staff 
derived  an  inter-meeting  path  for  nonborrowed  reserves  consistent  with  desired  money 
growth  rates  as  specified  by  the  FOMC.  Changes  in  the  nonborrowed  path  were  of  two 
types:  technical  changes  designed  to  reflect  multiplier  adjustments,  and  policy  adjustments 
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designed  to  return  money  growth  to  its  desired  path.  We  use  policy-related  changes  in 
the  nonborrowed  reserve  path  as  a measure  of  discretionary  policy  changes  during  this 
time  period.  Our  sample  runs  from  December  5,  1979,  when  data  on  reserve  targets  are 
first  available  to  September  29,  1982,  the  week  prior  to  the  Fed’s  announced  de-emphasis 
of  Ml  as  an  intermediate  target. 

During  the  borrowed  reserves  targeting  period,  as  a measure  of  the  Federal 
Reserve’s  operating  target  we  use  the  weekly  "borrowing  assumption"  as  reported  in  the 
annual  report,  "Monetary  Policy  and  Open  Market  Operations",  published  in  the  Federal 
Reserve  Bank  of  New  York’s  Quarterly  Review.  This  series  was  adjusted  by  the  authors 
to  exclude  technical  changes  in  the  borrowing  target  such  as  those  changes  associated 
with  the  Ohio  thrift  crisis  in  1985  and  changes  in  the  seasonal  borrowing  component  of 
discount  window  borrowing.  Thus,  as  in  the  nonborrowed  period,  we  consider  only 
policy-related  changes  in  the  operating  target.  Our  sample  period  runs  from  1983,  when 
information  on  the  borrowing  assumption  first  becomes  available,  to  September  1988.5 

For  the  final  subperiod,  the  second  period  of  funds  rate  targeting,  we  use  the  mid- 
point of  the  funds  rate  range  expected  to  be  consistent  with  the  borrowing  assumption 


After  October  1987,  the  Federal  Reserve  experience  increasing  difficulty  in 
estimating  the  relationship  between  discount  window  borrowing  and  market  rates, 
presumably  because  of  changes  in  bank  reserve  management  and  willingness  to  use 
the  discount  window  (Federal  Reserve  Bank  of  New  York  (1989)).  Beginning  in  the 
fall  of  1988,  the  trading  desk  was  forced  to  make  adjustments  to  the  level  of 
borrowing  expected  to  be  associated  with  a given  spread  and  placed  more  emphasis  on 
the  federal  funds  rate  as  an  indicator  of  reserve  market  pressures.  As  a result,  we 
chose  to  truncate  the  borrowed  reserves  targeting  period  in  September  1988. 
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chosen  by  the  FOMC  as  published  in  "Monetary  Policy  and  Open  Market  Operations"  in 
the  Federal  Reserve  Bank  of  New  York’s  Quarterly  Review.  Unlike  the  previous  regime 
changes,  the  shift  from  borrowed  reserves  to  funds  rate  targeting  was  not  publicly 
announced  by  the  Fed  so  that  it  is  difficult  to  date  the  shift  precisely.  However,  since 
public  information  on  the  funds  rate  range  is  only  available  from  December,  1989,  we  use 
this  date  as  the  start  of  the  second  period  of  funds  rate  targeting. 

2.4,2  Empirical  Results 

2.4,2. 1 Period  I:  Funds  Rate  Targeting 

For  the  funds  rate  targeting  period,  we  estimate  the  following  model: 

4 4 

A ( Fund  tar  get)  t=a+J^  P^(A  DiscountRate)  Y*  (A  Fund  target)  t.k+tt 

4=0  £=1 

The  change  in  the  funds  target  is  regressed  on  current  and  four  lagged  values  of  the 
change  in  the  discount  rate  plus  four  lagged  values  of  the  change  in  the  funds  target.6 
While  we  are  primarily  interested  in  the  significance  of  the  discount  rate  coefficients,  we 
include  the  lagged  funds  target  to  control  for  the  information  content  of  funds  target 
changes.  In  particular,  we  are  interested  in  whether  the  discount  rate  signals  information 


6 For  symmetry,  we  constrained  the  lag  lengths  of  the  variables  Discount  Rate 
and  Fundtarget  to  be  the  same.  Although  there  was  a little  variation  between 
specifications,  generally  the  Akaike  criterion  selected  four  lags.  The  results  are  not 
sensitive  to  this  choice  of  lag  lengths. 
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about  future  policy  actions  beyond  that  available  through  observed  changes  in  the  funds 
target7 

As  discussed  in  the  preceding  section,  a distinguishing  feature  of  an  interest  rate 
targeting  procedure  is  the  lack  of  a direct  policy  role  for  the  discount  rate.  Discount  rate 
changes  may  be  used  to  reinforce  policy  changes  in  the  funds  target  or  may  be  aimed  at 
controlling  the  spread  to  affect  the  amount  of  discount  window  borrowing.  In  the 
estimated  model,  the  coefficient  on  the  contemporaneous  change  in  the  discount  reveals 
how  the  Fed  was  coordinating  changes  in  the  funds  target  and  the  discount  rate.  A finding 
of  no  contemporaneous  relationship  would  suggest  that  discount  rate  changes  and  funds 
rate  changes  were  made  independently.  In  this  case,  the  primary  reason  for  a discount  rate 
change  would  be  to  realign  the  discount  rate  with  the  funds  rate  to  control  the  level  of 
discount  window  borrowing. 

In  contrast,  a positive  relationship  would  indicate  a coordinated  change  in  policy 
undertaken  using  open  market  operations  and  the  discount  rate.  In  this  situation,  the 
Federal  Reserve  may  be  using  the  discount  rate  to  signal  that  its  change  in  policy  should 


7 Cook  and  Hahn  (1988)  also  explore  whether  discount  rate  changes  provide 
information  about  future  monetary  policy  actions.  Our  approach  differs  in  several 
respects.  First,  Cook  and  Hahn  use  the  observed  federal  funds  rate  as  their  measure  of 
monetary  policy  actions.  We  believe  that  it  is  preferable  to  use  direct  measures  of 
policy,  especially  during  the  post-October  1979  periods  of  reserve  targeting.  Second, 
Cook  and  Hahn  employ  an  announcement  effects/efficient  market  methodology  to 
study  this  issue.  A limitation  of  this  approach  is  that  it  attributes  all  changes  in  the 
policy  variable  over  an  extended  period  of  time  to  discount  rate  announcements.  We 
feel  that  it  is  important  to  control  for  other  information  that  is  available  to  the  market, 
especially  changes  in  the  funds  target. 
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be  considered  more  permanent  than  would  otherwise  be  the  case.  If  the  discount  rate  is 
being  used  to  signal  future  policy  actions,  we  might  also  expect  to  find  a significant 
positive  relationship  between  lagged  discount  rate  changes  and  changes  in  the  funds 
target.  However,  it  is  important  to  note  that  a positive  coefficient  on  the  contemporaneous 
discount  rate  change,  while  indicative  of  signaling,  may  also  reflect  a concern  over  the 
level  of  borrowing.  A coefficient  less  than  one  in  magnitude  would  suggest  an  effort  to 
control  borrowing  by  narrowing  the  spread.  A coefficient  of  unity  would  indicate  that  the 
Fed  also  was  attempting  to  maintain  a constant  spread  between  the  funds  target  and 
discount  rate  and  so  was  trying  to  keep  the  level  of  discount  window  borrowing  constant. 

Several  studies  in  the  announcement  effect  literature  suggest  that  the  role  that  the 
discount  rate  plays  is  revealed  in  the  text  of  the  Federal  Reserve’s  press  release 
accompanying  discount  rate  changes  [Cook  and  Hahn  (1988),  Smirlock  and 
Yawitz(1985)].  Thus,  discount  rate  changes  identified  by  the  Fed  as  technical  (alignment) 
changes  should  be  different  from  nontechnical  (policy)  changes,  and  only  nontechnical 
changes  can  plausibly  be  expected  to  have  policy  significance.  To  test  this  hypothesis,  we 
use  Cook  and  Hahn’s  classification  of  discount  rate  changes  based  on  their  reading  of  the 
explanatory  text  accompanying  discount  rate  changes.  Cook  and  Hahn  divided  discount 
rate  changes  into  those  clearly  designed  to  align  the  discount  rate  with  previous  changes 
in  market  rates  (Type  1),  those  clearly  designed  to  support  a change  in  policy  (Type  3), 
and  those  changes  in  which  the  wording  of  the  announcements  suggested  elements  of  both 
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alignment  and  policy  change  (Type  2).  Following  Cook  and  Hahn,  we  considered  Type 
1 changes  to  be  technical  changes  and  Types  2 and  3 to  be  nontechnical  changes. 

Results  from  estimating  the  model  are  contained  in  Table  2.2.  The  first  column 
shows  estimates  using  all  discount  rate  changes.  Looking  at  the  coefficient  on  the 
contemporaneous  discount  rate  change,  we  can  see  that  discount  rate  changes  tended  to 
be  associated  with  funds  target  changes  suggesting  that  they  were  designed  to  reinforce 
policy  actions  taken  through  open  market  operations.  In  addition,  the  significance  of  the 
lagged  values  of  the  discount  rate  suggests  that,  even  after  controlling  for  the  information 
content  of  lagged  funds  target  changes,  discount  rate  changes  can  be  used  to  predict  future 
funds  target  changes  during  this  period.  This  indicates  that  the  Fed  may  have  been  using 
the  discount  rate  to  signal  future  policy  actions.  Moreover,  because  the  coefficient  on  the 
contemporaneous  discount  rate  change  is  less  than  unity,  the  Fed  generally  changed  the 
discount  rate  by  more  than  funds  target.  This  suggests  that  discount  rate  changes  were 
also  designed  to  change  the  spread  to  alter  the  amount  of  discount  window  borrowing. 

Results  shown  in  Columns  2 and  3 indicate  that  there  is  considerable  information 
content  to  the  Cook-Hahn  classification  of  discount  rate  changes.  Looking  first  at  the 
technical  changes,  we  find  that  the  coefficient  on  the  contemporaneous  discount  rate 
change  is  not  significantly  different  from  zero  and  that  technical  changes  have  no 
explanatory  power  in  predicting  future  changes  in  the  funds  target.  Thus,  as  seems 
appropriate  for  their  classification,  technical  discount  rate  changes  were  generally 
unaccompanied  by  changes  in  the  funds  rate  target.  This  indicates  that  the  sole  purpose 
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of  these  changes  was  to  alter  the  spread  to  change  the  amount  of  discount  window 
borrowing.  They  also  were  made  independently  of  monetary  policy  and  did  not  convey 
any  policy  information. 

The  third  column  of  Table  2.2  shows  the  results  for  nontechnical  changes.  For 
this  type  of  change,  even  after  controlling  for  the  information  content  of  lagged  funds 
target  changes,  we  see  that  the  contemporaneous,  first,  and,  at  lower  levels,  the  third  and 
fourth  lags  of  discount  rate  changes  are  positive  and  significant.  Thus,  in  contrast  to 
technical  changes,  the  significance  of  the  lagged  coefficients  indicates  that  nontechnical 
discount  rate  changes  do  appear  to  have  been  used  by  the  Federal  Reserve,  in  part,  to 
signal  future  policy  actions  during  the  funds  rate  targeting  era.  In  addition,  the 
contemporaneous  coefficient  suggests  that  policy  discount  rate  changes  and  funds  target 
changes  were  generally  coordinated.  Because  the  coefficient  on  the  contemporaneous 
discount  rate  change  is  less  than  unity,  the  discount  rate  was  generally  changed  by  more 
than  the  funds  target.  This  implies  that  when  the  Federal  Reserve  changed  the  discount 
rate,  it  was  attempting  to  change  the  spread  and  thereby  control  the  amount  of  discount 
rate  borrowing.8 


8 To  explore  the  distinction  between  alignment  and  policy  changes  more 
formally,  we  conducted  a series  of  F-tests  of  joint  significance.  For  the  alignment 
changes,  the  F-tests  indicated  that  after  controlling  for  four  lags  of  changes  in  the 
federal  funds  target,  this  type  of  discount  rate  change  did  not  contribute  significantly 
to  the  regression.  The  computed  F-statistic  was  0.80,  well  below  the  5%  level  of  2.21. 
For  the  policy  changes,  however,  the  F-tests  rejected  their  exclusion  from  the 
regression,  with  a calculated  F-statistic  of  4.60,  comfortably  above  the  1%  level  of 
3.02.  Additionally,  F-tests  indicated  that  given  the  policy  changes  was  not  rejected,  but 
given  the  alignment  changes,  excluding  the  policy  changes  was  rejected. 
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Finally,  we  examined  the  sensitivity  of  our  results  to  particular  discount  rate 
changes.9  This  is  especially  important  because  of  the  small  number  of  policy  discount 
rate  changes  and  the  apparent  sensitivity  of  announcement  effects  to  the  choice  of  sample 
period  (Wagster,1993).  Thus,  to  determine  whether  our  results  might  be  driven  by  one 
specific  discount  rate  change,  we  re-estimated  the  model,  removing  the  observations 
pertaining  to  each  discount  rate  change  in  turn.10  While  we  found  that  the  coefficient 
estimates  were  somewhat  sensitive  to  the  exclusion  of  particular  discount  rate  changes, 
we  do  not  want  to  read  too  much  into  this  for  two  reasons.* 11  First,  because  we  have 


9 We  also  tried  limiting  our  sample  to  the  period  between  October  1977  to 
October  1979,  a period  of  time  over  which  Wagster  (and  Roley  and  Troll)  was  unable 
to  find  announcement  effects  from  changes  in  the  discount  rate.  WTien  we  did  so,  for 
the  policy  changes,  the  coefficients  on  the  contemporaneous,  first  and  fourth  lags  of 
the  discount  rate  changes  remained  positive  and  highly  significant.  The 
contemporaneous  coefficient  continued  to  be  well  less  than  unity.  Thus,  we  find  that 
the  Federal  Reserve  continued  to  signal  policy  and  coordinate  open  market  operations 
and  discount  rate  changes  over  this  short  time  period.  Our  result  may  differ  from  the 
previous  literature  precisely  because  we  do  not  use  an  efficient  markets  approach.  That 
is,  by  this  time  in  the  federal  funds  rate  targeting  period  the  market  may  have  been 
able  to  forecast  policy  changes  in  the  discount  previous  work,  would  be  unable  to  find 
any  effect  of  a change  in  the  discount  rate  because  the  impact  of  the  change  already 
would  be  embodied  in  market  rates. 

10  We  eliminated  the  observation  during  which  the  discount  rate  change  occurred 
as  well  as  the  following  four  observations  to  remove  the  impact  of  the  omitted  change 
from  coefficients  on  the  lagged  changes  as  well  as  from  the  contemporaneous  change. 

11  For  example,  when  we  eliminated  the  discount  rate  change  that  occurred  in  the 
week  of  October  18,  1978,  the  first  lag  of  the  discount  rate  change  became 
insignificantly  different  from  zero,  attaining  a p-value  of  only  23%.  In  this  case, 
however,  the  contemporaneous  change  remained  significant  at  the  1 % level  and  the 
third  and  fourth  lags  were  significant  at  the  5%  level.  Discount  rate  changes  on 
January  15,  1975  and  August  25,  1979,  also  had  particularly  large  effects  on  individual 
coefficients. 
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only  a few  discount  rate  changes,  omitting  one  can  easily  omit  important  information  and 
have  a large  effect  on  estimates  for  individual  coefficients.  Second,  and  more  importantly, 
in  all  cases  when  we  omitted  a particular  discount  rate  change,  taken  as  a group,  the 
remaining  discount  rate  changes  were  still  significant.12 

Thus,  all  in  all,  for  the  pre-October  1979  period  of  interest  rate  targeting,  we 
conclude  that  the  discount  rate  was  used  in  a dual  role,  both  to  control  the  overall  level 
of  discount  window  borrowing  and  to  signal  future  policy  changes.  We  also  find  support 
for  distinguishing  the  information  content  of  discount  rate  changes  according  to  the  form 
of  the  discount  rate  announcement.  Discount  rate  changes  designated  by  the  Fed  as 
technical  in  nature  were,  indeed,  pure  alignment  changes  and  contained  no  information 
about  policy  actions.  Nontechnical  changes,  however,  appeared  to  be  systematically 
related  to  future  Fed  actions  and  also  were  made  in  conjunction  with  contemporaneous 
changes  in  the  funds  rate  target. 

2.4.2. 2 Period  13:  Nonborrowed  Reserves  Targeting 

For  the  nonborrowed  reserves  targeting  period,  we  estimate  the  following: 

5 5 

A( NBRTarget)  t=a+£  pj  ( ADiscountRate)  yk(£iNBRTarget)  c_k+ec 

J-0  Jc—l 

In  this  equation,  the  change  in  the  nonborrowed  reserves  target  is  regressed  on  current  and 
lagged  values  of  changes  in  the  discount  rate  and  lagged  changes  in  the  nonborrowed 


moreover,  the  contemporaneous  change  was  always  significant  at  a p-value  of 
better  than  1%  save  for  one  omission.  When  its  significance  declined  to  6%. 
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reserves  target.13  As  discussed  above,  under  reserves  targeting,  the  discount  rate  can  be 
used  either  to  implement  a change  in  policy  or  to  control  the  level  of  discount  window 
borrowing.  The  coefficient  on  the  contemporaneous  discount  rate  change  provides  an 
indication  of  which  objective  was  being  pursued  by  the  Fed.  An  alignment  change  in  the 
discount  rate  would  require  the  Fed  to  adjust  the  nonborrowed  target  in  such  a way  as  to 
prevent  the  funds  rate  from  reflecting  the  impact  of  the  discount  rate  change.  That  is, 
under  a nonborrowed  reserves  procedure,  to  actually  be  a technical  change,  a change  in 
the  discount  rate  must  be  accompanied  by  a countervailing  change  in  the  nonborrowed 
target  to  offset  the  effect  of  the  discount  rate  change  on  market  rates.  Thus,  alignment 
changes  in  the  discount  rate  suggest  a positive  coefficient  for  the  contemporaneous 
discount  rate  change.  Failure  to  find  such  a relationship  indicates  that  discount  changes 
were  being  employed  as  an  independent  instrument  to  implement  changes  in  policy  by 
affecting  the  federal  funds  rate.  In  addition,  under  nonborrowed  reserves  targeting,  if  the 
discount  rate  is  being  used  to  signal  future  policy  actions,  we  expect  to  find  a significant 
negative  relationship  between  lagged  discount  rate  changes  and  changes  in  the 
nonborrowed  reserve  target. 


13 


The  Akaike  criterion  selected  five  lags. 
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Table  2.3  shows  the  results  for  this  period.14  The  table  contains  results  for  all 
discount  rate  changes  considered  together  as  well  as  for  the  decomposition  into  alignment 
and  policy  changes  as  designated  by  Cook  and  Hahn.  Looking  first  at  the  column  for  the 
technical  changes,  we  immediately  see  a problem  with  the  classification  scheme  during 
this  sample  period.  For  a technical  change,  which,  by  definition,  is  designed  to  align  the 
discount  rate  with  market  rates,  we  expect  to  find  a significant  positive  coefficient  on  the 
contemporaneous  discount  rate  indicating  that  the  Federal  Reserve  was  increasing  its 
nonborrowed  reserve  target  to  hold  the  funds  rate  constant.  Our  failure  to  find  this 
relationship  indicates  that  the  classification  of  these  as  technical  changes  is  incorrect 
because  it  is  inconsistent  with  Federal  Reserve  actions.15  Therefore,  because  the 
classification  of  discount  rate  changes  into  technical  and  nontechnical  changes  during  this 


14  One  important  factor  that  affects  our  ability  to  obtain  meaningful  estimates  of 
the  role  of  the  discount  rate  under  reserve  targeting  is  the  existence  of  a negative 
spread  between  the  funds  rate  and  discount  rate  at  various  times  during  the  1979-82 
period.  As  noted  in  Cook  and  Hahn  (1988)  and  Sellon  (1986),  under  the  lagged 
reserve  accounting  system  in  place  at  the  time,  a negative  spread  effectively  forced 
the  Fed  to  temporarily  abandon  nonborrowed  reserve  targeting  and  resume  funds  rate 
targeting.  To  be  able  to  accurately  gauge  the  role  of  the  discount  rate  under  a 
nonborrowed  reserve  operating  procedure,  we  believe  that  it  is  essential  to  omit  any 
discount  rate  change  that  occurred  when  the  spread  was  negative,  so  observations  with 
a negative  spread  were  deleted. 

15  Additional  evidence  in  support  of  this  conclusion  is  that  F-tests  indicate  there  is 
no  significant  difference  between  the  coefficients  estimated  using  changes  reported  as 
alignment  changes  and  those  estimated  using  policy  changes.  This  is  the  case 
regardless  of  the  inclusion  or  exclusion  of  lagged  changes  in  the  nonborrowed  reserves 
target.  Of  course,  in  part,  this  is  a testament  to  the  large  standard  errors  with  which 
these  coefficients  are  estimated.  Even  so,  it  justifies  our  conclusion  that  using  Federal 
Reserve  announcements  to  classify  discount  rate  changes  is  misleading  for  this  period. 
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period  appears  to  be  faulty,  we  focus  on  the  first  column  of  the  table,  which  includes  all 
discount  rate  changes. 

Looking  at  the  first  column  of  Table  2.3,  the  coefficient  on  the  contemporaneous 
discount  rate  change  indicates  how  the  Federal  Reserve  combined  changes  in  its  open 
market  operations,  as  given  by  changes  in  the  nonborrowed  reserves  target,  with  changes 
in  the  discount  rate.  We  see  that  the  coefficient  on  ADIS,  is  not  significantly  different 
from  zero  at  conventional  levels  of  significance.  Hence  we  conclude  that,  because  the 
Federal  Reserve  did  not  coordinate  change  in  the  discount  rate  and  changes  in  the 
nonborrowed  reserve  operating  target,  the  discount  rate  was  used  as  an  independent  tool 
of  monetary  policy  during  this  policy  regime. 

We  also  see  evidence  that  discount  rate  changes  may  have  been  used  to  signal 
future  changes  in  the  nonborrowed  reserve  operating  target.  In  column  1,  the  third  and 
fifth  lags  of  discount  rate  changes  are  correctly  signed  (a  discount  rate  increase  today 
implies  a future  reduction  in  nonborrowed  reserves)  and  each  is  significantly  different 
from  zero  with  p-values  of  somewhat  better  than  5%.  Taking  the  equation  at  face  value, 
the  point  estimates  of  the  all  coefficients  indicate  that  a 1 percentage  point  increase  in  the 
discount  rate  signals  that  after  five  weeks  the  nonborrowed  reserves  target  will  be 
decreased  by  a cumulative  total  of  between  $500  million  to  $600  million.  However,  this 
conclusion  may  be  premature  because  when  we  examined  the  sensitivity  of  the 
regressions  to  excluding  particular  discount  rate  changes,  we  found  two  that  appeared  to 
be  particularly  influential:  the  one  that  occurred  in  the  week  of  February  20,  1980  and  the 
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one  in  the  week  of  May  6,  1981.  The  significance  of  the  fifth  lag  is  apparently  driven  by 
the  first  change  and  that  of  the  third  lag  by  the  second  change.16  Thus,  evidence  of  the 
use  of  the  discount  rate  to  signal  future  policy  actions  is  less  robust  in  the  nonborrowed 
reserves  period  than  in  the  first  funds  rate  period. 

In  summary,  our  results  indicate  that  the  role  of  the  discount  rate  changed 
significantly  when  the  Federal  Reserve  shifted  from  interest  rate  to  nonborrowed  reserves 
targeting.  Unlike  the  funds  rate  targeting  period,  we  find,  at  best,  only  weak  evidence  that 
the  discount  rate  was  used  to  signal  future  policy  intentions.17  In  addition,  looking  at  the 
coordination  of  discount  rate  and  operating  target  changes,  we  find  no  evidence  that  the 
Fed  was  concerned  with  controlling  the  level  of  discount  window  borrowing  by  aligning 
the  discount  rate  with  market  rates.  Rather,  the  primary  goal  of  discount  rate  changes 
during  the  nonborrowed  period  appears  to  have  been  to  change  directly  the  level  of  the 
federal  funds  rate.  Thus,  we  interpret  the  announcement  effects  from  discount  rate 


16  Eliminating  other  discount  rate  changes  either  had  a negligible  effect  on  the 
estimated  coefficients  or  improved  their  significance  a bit. 

17  Because  the  discount  rate  can  be  used  as  an  independent  instrument  under 
nonborrowed  reserves  targeting,  we  also  examined  whether  past  discount  rate  changes 
could  be  used  to  predict  future  discount  rate  changes.  In  other  words,  we  investigated 
whether  discount  rate  changes  signaled  future  monetary  policy  changes  implemented 
through  forthcoming  changes  in  the  discount  rate.  To  do  this,  we  estimated  a 
regression  that  expressed  the  current  change  in  the  discount  rate  as  a function  of 
lagged  changes.  While  the  coefficients  on  the  lagged  discount  rate  changes  were 
positive,  as  expected,  none  of  the  lags  approached  conventional  levels  of  significance. 
(These  results  are  available  on  request  from  the  authors).  Thus,  the  Federal  Reserve 
does  not  appear  to  have  used  the  discount  rate  to  signal  future  changes  in  the  discount 
rate. 
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changes  found  by  others  during  this  period  as  reflecting  the  market’s  response  to  new 
information  about  current  monetary  policy. 

2.4.2. 3 Period  M:  Borrowed  Reserves  Targeting 

For  the  borrowed  reserves  period  we  use  following  model: 

4 4 

A(  BRTarget)  t=a+£  p.,  {ADiscountRate)  t_^+£  y k(ABRTarget)  c.k+et 

J=0  ic=l 

In  this  equation,  the  change  in  the  borrowing  target  is  regressed  on  current  and  lagged 
values  of  changes  in  the  discount  rate  and  lagged  values  of  the  borrowings  target.18 
Under  the  borrowed  reserves  procedures,  the  discount  rate  can  be  used  to  implement  a 
change  in  the  federal  funds  rate  directly  or,  alternatively,  to  control  the  level  of  discount 
window  borrowing.  If  the  discount  rate  was  being  used  for  alignment  purposes  to  control 
discount  window  borrowing,  the  coefficient  on  the  contemporaneous  discount  rate  should 
be  significantly  negative.  For  example,  for  a discount  rate  increase  to  leave  the  spread 
unaffected,  the  effect  of  the  discount  rate  increase  on  the  funds  rate  needs  to  be  offset  by 
a reduction  in  the  borrowing  target  and  the  provision  of  more  reserves  through  open 
market  operations. 


18  Using  regressions  specified  similar  to  that  in  the  text,  we  tried  including  up  to 
twelve  lags  of  the  discount  rate.  The  Akaike  criterion  suggested  dispensing  with  all 
lags.  However,  in  order  to  keep  the  specification  of  this  regression  similar  to  those  for 
the  other  regimes,  and  to  emphasize  that  the  lagged  variables  are  insignificant,  we 
opted  to  retain  four  lags.  Nothing  hinges  on  this  decision. 
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In  addition,  under  this  operating  regime,  if  the  discount  rate  is  used  to  signal 
future  changes  in  the  operating  target  we  expect  to  find  significant  positive  coefficients 
on  the  lagged  discount  rate  changes.  That  is,  a discount  rate  increase  that  signaled  tighter 
policy  in  the  future  would  be  associated  with  a future  increase  in  the  borrowed  reserves 
operating  target. 

Results  for  the  borrowed  reserves  targeting  period  are  shown  in  Table  2.4. 19  We 
see  that  the  coefficient  on  the  contemporaneous  discount  rate  change  is  not  significantly 
different  from  zero,  indicating  that  discount  rate  changes  and  changes  in  the  borrowed 
reserve  operating  target  were  generally  made  independently.  This  implies  that  the  Federal 
Reserve  did  not  use  discount  rate  changes  to  realign  the  discount  rate  with  other  market 
rates  to  control  the  level  of  discount  window  borrowing.  Rather,  the  Fed  used  the  discount 
rate  as  an  independent  policy  tool  to  affect  the  level  of  market  interest  rates.  In  addition, 
Table  2.4  shows  no  evidence  that  the  discount  rate  was  used  to  signal  future  changes  in 
the  borrowing  target  as  coefficients  on  the  lagged  discount  rate  changes  are  not  close  to 
significance.20 


19  According  to  the  Cook  and  Hahn  procedure  of  using  Federal  Reserve 
announcements  to  classify  discount  rate  changes  into  technical  and  nontechnical 
changes,  only  one  change  for  this  period  would  be  classified  as  technical.  Excluding  it 
from  regression  had  no  effect.  Thus,  we  report  regressions  that  use  all  the  changes. 

We  also  investigated  whether  discount  rate  changes  could  be  used  to  predict 
future  discount  rate  changes  by  regressing  discount  rate  changes  on  lagged  discount 
rate  changes.  As  in  the  nonborrowed  reserves  operating  period,  none  of  the  lagged 
coefficients  were  significant.  Thus  we  again  found  no  evidence  that  discount  rate 
changes  were  used  to  signal  future  discount  rate  actions. 
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Discount  rate  policy  under  the  borrowed  reserves  procedures  appears  to  be  broadly 
similar  to  that  in  the  nonborrowed  reserves  period.  Like  the  nonborrowed  reserves  period, 
and  unlike  the  first  funds  targeting  period,  there  is  no  evidence  that  the  discount  rate  was 
used  to  control  the  level  of  borrowing  by  realigning  the  spread.  Rather,  discount  rate 
changes  appear  to  have  been  designed  independently  of  open  market  operations  to  directly 
change  reserve  availability  to  influence  market  rates.  We  also  find  no  evidence  that  the 
discount  rate  was  used  to  signal  future  open  market  policy  actions  during  this  period. 
2.4.2. 4 Period  IV:  Funds  Rate  Targeting 

For  the  second  funds  targeting  period,  we  estimated  a regression  identical  to  that 
for  the  first  funds  rate  period.  The  results,  reported  in  Table  2.5,  show  both  similarities 
and  differences  with  the  first  funds  targeting  period.21  22  The  coefficient  on  the 
contemporaneous  discount  rate  change  in  this  period  is  similar  to  that  during  the  earlier 
period  in  that  it  is  positive  and  significantly  less  than  unity.  Thus,  discount  rate  changes 
appear  to  combine  the  objectives  of  reinforcing  the  thrust  of  open  market  actions  and 
changing  the  spread  to  control  borrowing.  At  the  same  time,  this  coefficient  is  quite  a bit 
larger  (0.61  versus  0.24)  than  the  coefficient  in  the  early  period,  suggesting  that  discount 


21  Using  the  cook  and  Hahn  approach  to  classifying  discount  rate  changes,  we 
found  no  change  classified  as  pure  alignment  change.  Hence,  we  estimated  our 
regression  using  all  the  discount  rate  changes  simultaneously. 

The  hypothesis  that  the  coefficients  are  stable  across  the  two  regimes  is 
rejected  by  a standard  F-test. 
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rate  changes  had  a smaller  impact  on  the  spread  and  borrowing  in  this  period  because 
they  were  offset  by  relatively  larger  changes  in  the  funds  target. 

A more  substantial  difference  concerns  the  use  of  the  discount  rate  to  signal  future 
policy  actions.  In  contrast  to  the  first  funds  targeting  period,  Table  2.5  shows  that  lagged 
discount  rate  changes  have  no  predictive  power  for  future  open  market  policy  changes  as 
the  one  significant  coefficient  on  the  fourth  lag  has  an  incorrect  sign.23  Thus,  there  is 
no  evidence  that  discount  rate  changes  were  being  used  to  signal  future  policy  in  the 
second  funds  targeting  period. 

One  explanation  of  these  differences  is  that  Federal  Reserve  discount  policy  was, 
indeed,  different  in  the  two  episodes  of  funds  rate  targeting.  Alternatively,  limitations  in 
our  sample  may  be  conditioning  our  results  in  the  second  period.  There  are  very  few 
discount  rate  changes  (7)  and  the  changes  are  all  negative.  In  a period  of  falling  interest 
rates,  the  Fed’s  objective  in  controlling  the  spread  and  level  of  borrowing  may  be 
different  from  its  objective  in  a period  of  rising  rates.  In  the  latter  case,  the  emphasis 
may  be  on  substantially  reducing  borrowing  by  increasing  the  discount  rate  much  more 
than  the  funds  target.  In  an  environment  of  falling  rates,  however,  the  Fed’s  aim  may  be 
on  maintaining  a small  positive  spread  to  insure  that  there  is  a minimum  amount  of 
borrowing  to  cushion  the  funds  market  from  reserve  market  shocks.  This  suggests  that 

‘3  Indeed,  the  Akaike  criterion  suggests  deleting  all  lagged  discount  rate  changes 
and  retaining  only  the  contemporaneous  change.  We  opted  to  retain  the  lagged 
discount  rates  in  order  to  emphasize  the  distinction  between  this  period  of  funds  rate 
targeting  and  the  earlier  period. 
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discount  rate  cuts  need  be  only  slightly  larger  that  reductions  in  the  funds  target  to 
preserve  a positive  spread.  Similarly,  the  Fed’s  interest  in  signaling  may  be  asymmetrical. 
If  the  Fed  is  more  inclined  to  use  the  discount  rate  to  signal  a tightening  than  an  easing 
of  policy,  the  absence  of  discount  rate  increases  in  the  second  funds  targeting  period 
would  limit  our  ability  to  find  evidence  of  signaling  in  this  period. 

2,5  Summary  and  Conclusions 

In  this  paper,  we  have  examined  the  role  of  the  discount  rate  in  monetary  policy 
over  the  period  1974-1993.  Our  particular  focus  is  on  how  the  Federal  Reserves’  choice 
of  operating  procedures  conditions  the  scope  of  discount  rate  policy.  In  contrast  to  the 
simple  textbook  representation  of  discount  rate  policy  which  views  the  discount  rate  and 
open  market  operations  as  separate  and  largely  independent  policy  instruments,  the  results 
of  our  empirical  analysis  suggest  that  the  role  of  the  discount  rate  has  changed  over  time 
as  the  Fed  has  altered  its  operating  procedures. 

When  the  Federal  Reserve  implemented  policy  using  nonborrowed  or  borrowed 
reserve  operating  procedures,  we  find  that  the  discount  rate  was  used  as  an  independent 
policy  instrument  to  adjust  reserve  availability  and  market  interest  rates.  During  these 
periods,  we  find  no  evidence  that  the  Fed  made  technical  adjustments  in  the  discount  rate 
to  affect  the  spread  or  the  level  of  discount  window  borrowing.  Our  finding  of  an 
important  policy  role  for  the  discount  rate  under  reserve  targeting  is  consistent  with  the 
presence  of  significant  announcement  effects  found  by  others  in  this  time  period. 
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In  contrast,  because  open  market  operations  are  assigned  to  be  the  principal  policy 
instrument  under  interest  rate  targeting,  the  discount  rate  must  necessarily  play  second 
fiddle.  During  the  two  episodes  of  funds  rate  targeting,  we  find  that  the  discount  rate 
performed  a dual  role.  Some  discount  rate  changes  were  purely  technical  changes 
designed  to  alter  the  spread  and  discount  window  borrowing.  Others  appear  to  have  been 
timed  to  coincide  with  funds  target  changes  to  reinforce  the  impact  of  the  target  change 
or  to  signal  future  policy  actions.  Moreover,  during  the  pre-October  1979  period  of  funds 
rate  targeting,  we  find  that  the  language  of  the  Fed’s  discount  rate  announcement 
accurately  classified  these  two  types  of  discount  rate  changes  as  suggested  by  Cook  and 
Hahn(1988). 

An  unresolved  issue  is  the  apparent  differences  in  discount  rate  policy  in  the  two 
periods  of  interest  rate  targeting.  In  the  post- 1989  period,  all  discount  rate  changes 
coincided  with  funds  target  changes  so  that  there  were  no  purely  technical  or  alignment 
changes.  At  the  same  time,  in  contrast  to  the  pre-October  1979  period,  there  is  no 
evidence  that  the  Fed  was  using  the  discount  rate  to  signal  future  funds  target  changes. 
While  these  differences  may  be  attributable  to  data  limitations  in  the  second  period,  it 
may  also  be  the  case  that  our  framework  may  not  be  capturing  some  of  the  judgmental 
aspects  of  discount  rate  policy  that  govern  the  role  that  the  discount  rate  plays  within  a 
particular  operating  procedure. 


Frequency  and  Magnitude  of  Discount  Rate  Changes 
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Table  2.2 

Federal  Funds  Period 
October  1974  to  October  1979 


All  Discount  Rate 
Changes 

Technical  Discount 
Rate  Changes 

Nontechnical  Discount 
Rate  Changes 

c 

0.001 

0.005 

0.000 

(.008) 

(.008) 

(.008) 

ADIS(t) 

0.221  *** 

0.129 

0.241  *** 

(.062) 

(.107) 

(.074) 

ADIS(t-l) 

0.161  *** 

0.030 

0.195  *** 

(.063) 

(.107) 

(.076) 

ADIS(t-2) 

-0.012 

-0.110 

-0.019 

(.065) 

(.115) 

(.077) 

ADIS(t-3) 

0.128  *** 

0.093 

0.124  * 

(.065) 

(.114) 

(.076) 

ADIS(t-4) 

0.070 

-0.097 

0.138  * 

(.065) 

(.114) 

(.076) 

AFTAR(t-l) 

0.121  ** 

0.189  *** 

0.114  ** 

(.059) 

(.058) 

(.058) 

AFTAR(t-2) 

0.034 

0.077 

0.039 

(.059) 

(.059) 

(.058) 

AFTAR(t-3) 

-0.044 

0.001 

-0.017 

(.059) 

(.060) 

(.057) 

AFTAR(t-4) 

0.276  *** 

0.346  *** 

0.305  *** 

(.059) 

(.060) 

(.057) 

R2 

.290 

.234 

.289 

D.W. 

1.99 

2.08 

2.01 

S.E. 

.121 

.125 

.121 

Notes:  **  = significant  at  99%  level,  ** 
level 


= significant  at  95%  level,  * = significant  at  90% 
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Table  2.3 


Nonborrowed  Reserves  Period  December  1979  to  September  1982 
Changes  in  Nonborrowed  Reserve  Target 


All  Discount 

Technical 

Nontechnical 

Rate  Change 

(Alignment) 

(Policy) 

Changes 

Changes 

c 

27.63 

5.66 

45.96  ** 

(20.61) 

(22.04) 

(22.97) 

ADIS(t) 

34.72 

137.49 

-52.40 

(81.02) 

(219.66) 

(96.32) 

ADIS(t-l) 

-80.45 

-9.92 

-113.10 

(81.55) 

(155.35) 

(99.32) 

ADIS(t-2) 

-68.53 

-101.93 

-65.17 

(81.46) 

(155.26) 

(98.57) 

ADIS(t-3) 

-186.16** 

-300.25** 

-145.59 

(80.27) 

(151.89) 

(98.48) 

ADIS(t-4) 

-98.29 

9.47 

-153.20 

(81.47) 

(153.00) 

(98.67) 

ADIS(t-5) 

-184.89** 

-70.92 

-241.83** 

(87.60) 

(306.02) 

(96.30) 

ANBR(t-l) 

-0.05 

-0.01 

-0.08 

(0.11) 

(0.12) 

(0.12) 

ANBR(t-2) 

0.07 

0.17 

0.07 

(0.11) 

(0.12) 

(0.11) 

ANBR(t-3) 

0.18* 

0.24** 

0.17* 

(0.10) 

(0.11) 

(0.10) 

ANBR(t-4) 

-.016 

-0.09 

-0.14 

(0.10) 

(0.11) 

(0.10) 

ANBR(t-5) 

-0.33*** 

-0  32*** 

-0.31*** 

(0.10) 

(0.11) 

(0.10) 

R2 

.213 

.158 

.211 

D.W. 

1.841 

.791 

.85 

S.E. 

203.07 

210.07 

203.39 

Notes:  ***  = significant  at  99%  level,  **  = significant  at  95%  level, 

*=  significant  at  90%  level 
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Table  2.4 

Borrowed  Reserves  Period 
January  1983  to  September  1988 
Changes  in  Borrowed  Reserve  Target 


All  Discount 
Rate  Changes 

c 

1.11 

(2.23) 

ADIS(t) 

38.24 

(24.49) 

ADIS(t-l) 

3.06 

(24.63) 

ADIS(t-2) 

-17.05 

(24.63) 

ADIS(t-3) 

3.51 

(24.57) 

ADIS(t-4) 

-4.89 

(23.87) 

ABR(t-l) 

-0.03 

(0.06) 

ABR(t-2) 

0.10 

(0.06) 

ABR(t-3) 

0.11 

(0.06) 

ABR(t-4)  0.12** 


(0.06) 

R2 

D.W. 

S.E. 

.050 

2.01 

37.36 

Notes:  ***  - significant  at  99%  level,  **  = significant  at  95%  level, 
* = significant  at  90%  level 
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Table  2.5 

Federal  Funds  Period 
December  1989  to  December  1993 
Changes  in  Federal  Funds  Target 


All  Discount 
Rate  Changes 

C 

-0.015*** 

(0.005) 

ADIS(t) 

0.618*** 

(0.040) 

ADIS(t-l) 

0.018 

(0.059) 

ADIS(t-2) 

-0.057 

(0.058) 

ADIS(t-3) 

0.056 

(0.058) 

ADIS(t-4) 

-0.105* 

(0.058) 

AFTAR(t-l) 

-0.060 

(0.069) 

AFTAR(t-2) 

0.034 

(0.067) 

AFTAR(t-3) 

-0.056 

(0.067) 

AFTAR(t-4) 

0.129 

(0.067) 

R2 

.550 

D.W. 

1.94 

S.E. 

.062 

Notes 

***  = significant  at  99%  level  **  = significant  at  95%  level 
* = significant  at  90%  level 


CHAPTER  3 


ON  THE  ROBUSTNESS  OF  A REAL  BUSINESS  CYCLE  MODEL 

3.1  Introduction 

Since  the  publication  of  Kydland  and  Prescott  (1982),  macroeconomists  have  been 
provided  a new  method  to  judge  a model’s  relevancy:  simulation  with  calibrated  values 
for  the  model’s  parameters.  An  attractive  advantage  of  this  method,  compared  to 
traditionally  used  statistical  hypothesis  testing,  is  that  the  simulation  results  can  provide 
the  answer  to  the  question  of  whether  a theory  matches  the  characteristics  of  the  observed 
data,  as  well  as  suggest  how  close  the  match  is.  In  other  words,  by  generating  data 
according  to  the  rules  implied  by  the  calibrated  model,  the  simulation  provides  a number 
of  statistics  from  the  artificial  data  which  can  be  compared  to  the  corresponding  statistics 
from  the  real  world  data,  thereby  giving  some  evidence  of  the  closeness  of  the  model  to 
the  real  world  economy. 

The  basic  methodology  of  Kydland  and  Prescott  sets  up  a dynamic  optimization 
problem  with  a concave  utility  function  and  a set  of  constraints  governing  the  transition 
of  state  variables.  As  long  as  the  Second  Welfare  Theorem  applies,  competitive 
equilibrium  allocations  are  identical  to  the  allocations  chosen  by  a social  planner  that  acts 
to  maximize  the  welfare  of  a representative  agent24.  Because  it  is  not  generally  possible 

24  Recent  developments  in  real  business  cycle  models  include  the  cases  of 
distorted  individual  welfare  by  including  government  taxes  and  fiat  money.  But  the 
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to  solve  the  decision  rule  from  such  a general  setup,  Kydland  and  Prescott  use  a linear- 
quadratic  approximation  method  to  get  a linear  decision  rule.  Then,  based  on  this  decision 
rule  and  the  transition  rule,  after  assigning  the  values  for  the  parameters  in  the  model,  the 
model  can  provide  artificial  time  series  data,  and  the  variances  and  covariances  of  the 
model  generated  data  are  compared  to  those  from  U.S.  data25.  The  basic  Kydland  and 
Prescott  model  had  only  one  source  of  randomness,  namely  technology  shocks  that  were 
proxied  for  by  Solow  residuals.  The  surprisingly  good  match  between  the  variances  and 
covariances  of  artificial  data  and  those  of  the  actual  U.S  data  caused  the  authors  to 
conclude  that  the  main  source  of  high  frequency  economic  fluctuation  may  be  technology 
shocks. 

While  the  conclusions  of  their  paper  are  very  controversial26,  their  methodology 
has  been  extensively  applied  in  the  business  cycle  literature.  For  instance,  following  this 
pioneer  work,  Hansen  (1985)  simplified  the  model  of  Kydland  and  Prescott,  and 
introduced  the  concept  of  indivisibility  in  the  labor  input.  This  change  enlarged  the 
standard  deviations  of  real  variables,  and  moved  the  results  of  his  model  closer  to  those 
of  the  real  data.  The  most  significant  change  happens  to  the  variance  of  working  hours. 


basic  characteristics  of  the  calibrated  model  are  kept  unchanged. 

-s  Before  the  variances  and  covariances  are  calculated,  both  the  artificial  and 
real  data  are  filtered  by  an  HP  filter  to  remove  the  low  frequency  part,  which  is 
thought  of  as  the  trend  of  the  data.  See  Li,  Rush,  and  Zhu  (1994)  for  a discussion  of 
this  procedure. 

26  See  N.  Gregory  Mankiw  (1989). 
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For  the  covariances  between  real  output  and  the  other  real  variables,  there  was  virtually 
no  improvement  of  match.  King,  Plosser  and  Rebelo  (1988)  incorporated  the  notion  of 
effective  labor  input  in  their  model27.  By  using  a cointegration  relation  among  the 
variables  in  the  model,  they  do  not  use  the  HP  filter  but  difference  the  data  before 
computing  the  second  moments28.  These  changes,  however,  do  not  provide  very 
optimistic  results  since  the  "fit"  of  their  model  is  no  better  than  that  of  Hansen’s29. 
Cooley  and  Hansen  (1989)  modify  the  real  cycle  nature  of  this  approach  by  including 
money  in  their  business  cycle  model.  They  motivate  the  use  of  money  through  the  use  of 
a cash-in-advance  condition.  The  model  produces  a negative  correlation  between  the  price 

level  and  real  output,  which  matches  the  finding  of  their  empirical  evidence.  Starting  from 

* 

Cooley  and  Hansen  (1989),  the  recent  calibrated  dynamic  business  cycle  models  have 
more  than  one  shock.  Besides  the  technology  shock,  the  models  include  a monetary 
shock,  or  government  consumption  shock,  etc..  By  combining  those  shocks  with  nominal 
wage  and  price  contracts,  those  models  are  able  to  provide  the  variances  of  the  simulated 


The  technique  they  used  to  solve  the  model  is  different  from  that  of  Kydland 
and  Prescott.  They  approximate  the  first  order  conditions  and  transition  conditions  by  a 
Taylor  expansion  instead  of  putting  all  the  nonlinear  constraints  into  utility  function, 
and  then  approximating  it. 

“8  King  and  Rebelo  (1993)  indicate  some  drawbacks  to  the  HP  filter.  In 
particular  their  paper  provides  examples  of  how  the  HP  filter  alters  measures  of 
persistence,  variability  and  comovement  of  data. 

‘9  Watson  (1993)  points  out  that  the  King,  Plosser  and  Rebelo  model  fits  the  data 
better  in  low  frequency  part.  This  is  because  of  the  model’s  cointegration  setup.  On 
the  other  hand,  the  "fit"  of  KP-type  model  heavily  relied  on  the  application  of  HP 
filter. 
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real  and  nominal  wage  rate,  real  and  nominal  interest  rate,  as  well  as  their  correlation 
with  real  output  and  compare  them  with  the  statistics  from  actual  data.  Hence,  those 
models  are  no  longer  pure  "real"  business  cycle  models. 

One  important  issue  involved  in  this  methodology  is  how  to  assign  values  to  the 
parameters  that  appear  in  these  models,  that  is,  how  to  calibrate  the  models.  Prescott 
(1986)  provides  rationalization  of  the  so-called  "calibration"  approach  by  discussing  how 
parameters  are  selected  on  the  basis  of  other  research  and  on  the  basis  of  reasonableness. 
Nonetheless,  a question  about  the  simulation  method  remains:  Are  the  results  of  a 
simulation  sensitive  to  the  parameter  values  chosen?  All  published  RBC  models  include 
standard  errors  for  their  computed  standard  deviations  and  correlation.  Those  reported 
standard  errors,  however,  take  account  only  of  the  randomness  of  the  productivity  shock. 
In  this  paper,  we  empirically  investigate  the  extent  to  which  a model’s  estimated  variances 
and  covariances  depend  on  the  parameter  values  used.  If  this  is  the  case,  it  suggests  that 
evidence  from  these  models  must  be  viewed  skeptically  because  the  results  may  be  unique 
to  the  particular  parameter  values  selected  by  the  investigator.  On  the  other  hand,  if  the 
variances  and  covariances  are  not  overly  sensitive  to  the  parameter  values  utilized,  then 
the  evidence  from  a particular  model  may  well  be  fairly  robust. 

We  take  a popular  baseline  model  with  seven  assigned  parameters30.  Then  the 

Clearly  the  fit  of  a model  is  affected  by  the  model’s  basic  structure  as  well  as 
its  calibration.  While  we  study  the  effect  of  calibration,  changing  the  model  could 
have  more  dramatic  effects  on  the  model’s  fit. 
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parameters  are  adjusted  up  and  down  by  reasonable  amounts  one  at  a time,  two  at  a time, 
three  at  a time,  and  so  forth.  We  calculate  the  standard  deviations  and  correlations  from 
each  model’s  generated  data  and  then  look  at  the  ranges  of  the  estimated  standard 
deviations  and  correlations  over  the  span  of  models.  If  the  range  is  wide,  the  model’s 
predictions  depend  sensitively  on  the  parameter  values  used;  if  the  range  is  narrow,  the 
model  is  robust  to  these  changes.  Also  by  doing  this,  we  can  see  how  the  results  of  those 
statistics  will  change  with  the  parameters  and  whether  those  changes  are  economically 
intuitive.  We  think  that  it  is  important  for  a model  to  have  that  property.  Finally,  we 
discuss  the  fit  of  the  model,  and  how  it  changes  with  the  calibration.  Though  this  study 
can  determine  robustness  for  only  the  particular  model  we  use,  given  its  popularity  as  a 
baseline  approach,  such  an  investigation  is  interesting  and  of  value. 

The  results  of  this  paper  show:  (1)  The  standard  errors  conventionally  reported  for 
the  standard  deviations  and  correlations  substantially  underestimate  the  true  uncertainty 
regarding  the  computed  standard  deviations  and  correlations  because  they  fail  to  take 
account  of  parameter  uncertainty;  (2)  The  changes  in  the  statistics  caused  by  changes  in 
the  calibration  match  with  economic  reasoning;  (3)  The  fit  of  the  model  to  the  U.S  data 
is  quite  variable  within  the  conventional  RBC  setup,  and  this  fit  should  be  discussed  in 
more  dimensions  rather  than  just  comparing  the  second  moments. 

Section  two  sets  up  the  basic  model;  section  three  specifies  the  utility  function, 
solves  for  the  steady  states  and  calibrates  the  parameters;  section  four  analyzes  the 
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simulation  results,  section  five  discuss  the  fit  of  different  calibrations,  and  the  last  part 
provides  our  conclusions. 

3.2  Model 

We  use  a one  sector  stochastic  growth  model,  which  is  widely  used  in  the  real 
business  cycle  literature.  The  economy  is  populated  by  a continuum  of  identical  infinitely 
lived  agents  (households)  with  names  on  the  closed  interval  [0,1].  Each  agent  is  endowed 
with  one  unit  of  time  in  each  period.  Agents  supply  labor  to  firms  to  produce  goods,  and 
own  the  initial  capital  stock  1^,  which  they  rent  to  firms.  Each  agent  maximizes  expected 
lifetime  utility  which  is  assumed  to  be  time  separable: 

There  are  many  identical  firms  producing  a homogeneous  product.  Each  firm  produces 
output  with  an  identical  production  function  homogeneous  of  degree  one.  Each  firm  is 
assumed  not  to  have  any  market  power,  so  we  can  treat  all  firms  as  one  production  entity. 
The  production  technology  is: 

rc-kcklnl-t  (3.1) 

where  \ is  the  productivity  which  follows  the  law  of  motion: 

log  (A.t+1)  = YlogUt)  +et+1  (3.2) 

the  £,s  are  i.i.d  random  variables,  normally  distributed  with  zero  mean  and  standard 
deviation  cte.  nt  and  k,  are  the  labor  input  and  capital  input  in  period  t.  The  model  assumes 
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that  the  value  of  e,  (the  technology  shock)  is  known  to  the  agents  at  the  beginning  of 
period  t before  any  decisions  are  made.  Since  the  technology  embodies  constant  returns 
to  scale,  firms  make  zero  profits  in  equilibrium.  From  the  first  order  condition  for  firms 
to  maximize  their  profit,  the  returns  to  the  capital  and  labor  input  are  their  respective 
marginal  products.  The  total  real  wage  plus  the  total  return  to  capital  is  equal  to  the  total 
output: 


"tflt  + rt^t  = Yt  (3-3) 

Here  wt  is  the  real  wage  rate  at  time  t,  and  rt  is  the  rental  rate  for  capital  (or  real  interest 

rate).  Output,  which  is  produced  by  the  firms  and  sold  to  the  agents,  can  either  be 

consumed  (c,)  or  invested  (ij.  Hence  the  following  constraint  must  be  satisfied: 

+ * Yt  (3.4) 

The  law  of  motion  for  the  capital  stock  is  given  by 

■kc+1  = (1-8)  ict  + it  (3.5) 

where  8 is  the  rate  of  capital  depreciation. 

Agents  are  assumed  to  make  their  period  t decisions  based  on  all  information 
available  at  time  t which  includes  They  have  rational  expectations  in  that  their 
forecasts  of  future  wages  and  rental  rates  are  the  same  as  those  implied  by  the  equilibrium 
laws  of  motion.  Thus,  the  problem  that  individual  agents  face  is  the  following: 
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max  E ]P"  Pcu(ct,  l-nt)  given  k0,  X0 

ct,ne  c_u 

subject  to  (3.1)  - (3.5). 

3.3  Specification  and  Calibration 
3.3.1  Specification  of  Utility  Function  and  Steady  State 

A key  growth  observation  about  the  real  world  that  serves  to  restrict  the  utility 
function  is  the  fact  that  leisure  per  capita  has  shown  virtually  no  secular  trend  while  at 
the  same  time  the  real  wage  has  increased  steadily.  More  specifically,  people  are  still 
working  almost  the  same  hours  per  week  today  as  they  did  fifty  years  ago  even  though 
the  real  wage  has  increased  many  times.  Hence  most  growth  in  the  real  wage  has  been 
used  to  increase  consumption.  This  implies  that  the  period  utility  function  should  have 
offsetting  income  and  substitution  effects,  a characteristic  of  the  Cobb-Douglas  utility 
function. 

Kydland  and  Prescott’s  seminal  paper  used  an  individual  preference  function  with 
a high  value  for  the  intertemporal  substitutability  of  leisure.  This  is  a very  controversial 
assumption,  and,  as  it  turns  out,  perhaps  is  not  necessary,  since  Hansen’s  (1985)  model 
of  indivisible  labor  demonstrates  that  a high  value  for  an  individual’s  intertemporal 
substitutability  for  labor  is  not  necessary  to  get  a high  aggregate  value.  Thus,  a widely 
used  utility  function  is  one  that  is  restricted  to  display  both  constant  intertemporal  and 


unit  intratemporal31  elasticities  of  substitution, 
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V 


= y~ 


1-fi 


Here  1/p  > 0 is  the  elasticity  of  substitution  between  different  date  composite 
commodities,  ctT1lt1'T'.  In  other  words,  1/p  is  the  elasticity  of  intertemporal  substitution. 

It  is  an  interesting  fact  that  the  value  of  p has  no  effect  on  the  steady  state  values 
of  the  state  and  decision  variables.  With  the  current  setup  of  the  model,  the  steady  state 
is  given  by  the  following: 


A,  = 1,  i = 6k, 


(1-6)  (p+5) 

[-  (p+6)  - (p  + — 6)  0] 


c = kk'n1-*  - 6k 

r = F'k=  (p+6)  tv  = X(l-0)  (-^>^ 

Here  p = 1/p  - 1.  These  steady  state  results  are  in  line  with  the  observation  that  the  steady 
state  value  of  labor  input  does  not  depend  on  average  X since,  over  the  last  fifty  years, 
output  per  man-hour  has  increased  by  a several  hundred  per  cent,  yet  man-hours  per 

31  For  this  utility  function,  the  intratemporal  elasticity  of  substitution  between 
consumption  and  leisure  is  1. 
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person  has  changed  by  only  a few  per  cent. 

Finally,  let  us  define  p,  labor  productivity  or  output  per  labor  input,  as 


P = 


kk^n1'6 

n 


= kk°n  ~e 


Obviously,  this  average  measure  of  labor  productivity  differs  from  k,  the  productivity 
shock. 

3.3.2  Calibration 

We  must  calibrate  seven  parameters:  p,  8,  P,  0,  y,  T|,  and  aE.  Our  goal  is  to  vary 
the  values  we  choose  for  these  parameters  and  explore  the  consequences  this  has  on  the 
estimated  variances  and  covariances. 

We  will  start  by  discussing  p.  To  keep  the  dynamic  optimization  problem  well 
defined,  we  must  restrict  1-p  to  be  less  than  one.  The  bigger  is  p,  the  smaller  is  the 
elasticity  of  intertemporal  substitution.  In  the  literature,  widely  different  values  of  p have 
been  used.  Kydland  and  Prescott  (1982)  set  p = 0.5;  Hansen  (1985)  and  Cooley  and 
Hansen  (1989)  use  p = 1;  and,  Backus,  Kehoe  and  Kydland  (1989),  Stockman  and  Tesar 
(1990),  Cho  and  Phaneuf  (1993)  have  p = 2.  There  is  no  strong  argument  in  any  of  those 
papers  to  justify  the  particular  value  of  p they  utilize.  Thus,  we  explore  the  sensitivity  of 
the  calibration  results  by  exploring  p’s  over  this  range  of  values.  Specifically,  we  try  p 
= 0.5,  p = 1,  p = 1.5  and  p =2. 

Among  the  seven  parameters,  the  values  of  the  depreciation  rate,  5,  and  the 
subjective  time  discount  factor,  (3,  are  calibrated  simultaneously  because  there  is  the 
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constraint  that  (1/(3- 1 ) -t-  5 equals  the  real  interest  rate.  Hence,  (3  and  8 are  selected  to  set 
the  steady  state  real  interest  rate  at  a given  level.  Kydland  and  Prescott  (1982)  use  8 = 
0.025  for  quarterly  data,  which  implies  an  annual  depreciation  rate  is  10%.  By  assuming 
that  steady  state  annual  real  interest  rate  is  4%,  they  set  (3  = 0.99  for  the  quarterly  time 
discount  factor,  which  means  that  the  annual  time  discount  factor  is  0.96.  Hansen  (1985) 
and  Cooley  and  Hansen  (1989),  Backus,  Kehoe  and  Kydland  (1989)  and  Stockman  and 
Tesar  (1990)  also  used  the  same  values  for  these  two  parameters.  Thus,  it  seems 
reasonable  to  let  the  annual  depreciation  rate  move  up  and  down  1%,  that  is,  to  try  8 
=0.0225,  8 =0.025  and  8 = 0.0275.  Then,  to  keep  the  steady  state  real  interest  rate 
unchanged,  the  corresponding  (3s  are  respectively  (3  = 0.98,  (3  = 0.985  and  [3  = 0.99. 

The  most  commonly  accepted  value  of  9 is  0.36,  which  is  derived  from  a 
regression  of  logged  GNP  on  logged  capital  stock  and  logged  hours  worked,  restricting 
the  sum  of  coefficients  of  those  two  terms  to  equal  1 . The  residuals  from  this  regression 
are  the  well  known  Solow  residuals.  In  real  business  cycle  models,  these  are  used  to 
represent  the  changes  in  productivity.  Then,  estimating  a first  order  autoregression  for  the 
Solow  residuals  gives  an  estimated  value  for  the  y parameter  and  the  residuals  from  the 
autoregression  are  considered  the  "technology  shocks".  It  is  not  necessary  that  the  values 
of  0 and  y should  be  strictly  restricted  to  the  values  from  the  regression  described  above, 
especially  when  we  consider  the  controversy  surrounding  the  use  of  a Cobb-Douglas 
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production  function  and  the  resulting  Solow  residuals.32  Indeed  Plosser  (1989)  uses  0 = 
0.42  rather  than  0.36.  We  set  0 to  be  0.36,  0.38  and  0.40.  y is  usually  estimated  to  be 
between  0.90  to  0.95  for  quarterly  data,  meaning  that  the  effect  of  shocks  in  RBC  models 
are  quite  persistent.  Thus  we  use  y = 0.90,  0.925  and  0.95. 

The  value  of  r\  in  the  utility  function  is  set  to  let  the  steady  state  working  hours 
be  some  specific  level,  given  the  values  of  other  parameters.  Usually  the  steady  state 
working  hours  is  chosen  as  1/3  of  the  normalized  available  time  of  individual  agent,  as 
in  Hansen  (1985).  Others,  such  as  Plosser  (1989),  choose  steady  state  working  hours  to 
be  1/5.  While  we  could  use  a wider  range,  we  decided  to  restrict  the  range  of  the  steady 
state  working  hours  to  be  0.275,  0.30  and  0.33. 

Finally,  the  standard  deviation  of  the  technology  shock  is  a "free"  parameter,  often 
adjusted  in  the  simulation  to  get  the  most  desired  result.  Hansen  pointed  that  ae  should 
be  in  the  interval  [0.007,  0.0 1 ]33.  In  this  paper,  our  major  interest  is  to  check  the 
sensitivity  of  the  simulation  results  to  the  parameter  values,  thus,  we  always  choose  ae 
to  let  the  mean  standard  deviation  of  output  for  the  model  economy  equal  the  standard 


3‘  For  instance,  there  is  a major  disagreement  about  interpreting  the  Solow 
residuals  as  technology  shocks.  In  particular,  labor  hoarding  combined  with  shifts  in 
aggregate  demand  may  cause  the  measured  residual  to  reflect  a demand  shock  rather 
than  a supply  shock.  Nonetheless,  because  we  are  interested  in  studying  the  robustness 
of  the  real  business  cycle  approach,  we  follow  this  literature  by  assuming  that  Solow 
residuals  represent  technology  shocks. 

33  See  Hansen  (1985).  Actually,  how  to  correctly  identify  the  random  process  of 
technology  is  an  important  issue  in  monetary  economics  and  time  series  theory.  King 
et  al  (1988)  set  the  technology  shock  to  follow  a random  walk.  Hansen’s  work 
assumes  that  autocorrelation  of  the  shocks  is  0.95. 
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deviation  of  GNP  for  the  U.S.  economy.  We  report  the  required  standard  deviation  of  the 
technology  shock  in  every  possible  calibration  of  the  parameters,  so  that  the  variation  in 
the  required  cte  is  also  part  of  the  robustness  evidence  we  can  examine. 

3.4  Simulation  Results  and  Analysis 

Following  the  method  of  Kydland  and  Prescott  (1982)  and  Hansen  (1985)  for 
solving  a recursive  competitive  equilibrium,  we  first  approximate  the  problem  with  a 
linear-quadratic  problem  near  the  steady  state  of  original  setup,  then  solve  out  the 
quadratic  value  function.  From  the  quadratic  value  function,  we  can  get  linear  first  order 
conditions.  Then,  given  the  linear  first  order  conditions  and  transition  conditions  of  state 
variables,  we  can  obtain  the  linear  decision  rules.  The  time  our  data  covered  is  from  the 
first  quarter  of  1957  to  the  forth  quarter  of  1988,  thus  the  number  of  covered  quarters  is 
12834.  For  every  calibrated  model,  the  simulation  is  repeated  100  times  to  get  the  mean 
and  standard  deviation  of  the  relevant  variances  and  covariances.  The  results  are  contained 
in  Tables  3.1  to  3.27. 

We  start  examining  the  sensitivity  of  this  model  to  changes  in  its  parameters  by 
looking  at  the  impact  as  the  parameters  are  changed  one  at  a time.  This  also  has  the 
advantage  that  it  allows  us  the  opportunity  to  "check"  the  computed  impact  using 
economic  reasoning.  Consider  first  the  effects  from  changing  p.  When  p changes  from  0.5 

MWe  follow  Hansen  (1985)  by  setting  the  average  deviations  allowed  for  the 
variables  to  deviate  from  their  steady  state  using  the  standard  deviations  of  U.S.  time 
series  data.  This  deviation  range  for  productivity,  capital,  investment  and  working 
hours,  (xx,  xk,  Xj,  xj,  is  (0.012,  0.006,  0.06,  0.016).  With  this  deviation  range,  the 
steady  state  of  linear-quadratic  problem  is  same  as  that  of  original  problem. 
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to  2,  the  elasticity  of  intertemporal  substitution  declines.  Keeping  everything  else 
unchanged  and  fixing  the  standard  deviation  of  output  to  be  2.18%,  we  observe  that  most 
of  the  standard  deviations  are  not  very  sensitive  to  the  change  of  p,  but  they  do  respond 
to  this  change  with  regularity.  Using  Table  3.1  as  an  example  we  see  that  the  standard 
deviation  of  consumption  and  the  average  labor  productivity  increase  steadily  with  the 
value  of  p.  In  addition,  the  standard  deviation  of  investment  and  capital  stock  decrease 
as  the  value  of  p increases,  and  so  does  the  fluctuation  of  working  hours.  Generally,  the 
sensitivity  of  the  standard  deviations  to  the  changing  value  of  p decreases  as  the  value  of 
p increases.  The  correlation  between  consumption  and  output  is  particularly  responsive 
to  the  changing  in  value  of  p.  When  p changes  from  0.5  to  2,  this  correlation  increases 
by  roughly  100%,  from  0.5  to  somewhat  over  0.9. 

The  economic  intuition  of  these  results  is  understandable:  When  p becomes  larger, 
people’s  intertemporal  substitution  becomes  less  elastic.  Therefore,  they  will  consume 
more  of  whatever  is  available  to  them  in  each  period,  and  invest  less.  With  the  standard 
deviation  of  output  given,  people’s  consumption  will  be  more  closely  related  to  output. 
Investment  becomes  less  volatile,  since  people  will  not  increase  investment  as  much  when 
output  is  relatively  high  because  of  a productivity  shock.  We  can  also  see  this  from  the 
decision  rules  in  the  table:  As  p rises,  investment  becomes  less  responsive  to  the 
technology  shock.  The  standard  deviation  of  the  labor  input  also  shrinks  when  p is  larger, 
and  becomes  less  responsive  to  the  technology  shock.  Essentially  today’s  leisure  is  valued 
more  when  p rises.  As  people  do  not  care  to  substitute  for  future  enjoyment  of  leisure 
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time,  even  if  they  know  that  today’s  work  is  more  productive  when  a positive  shock 
occurs,  they  are  not  going  to  exchange  today’s  leisure  for  tomorrow’s.  Based  on  the  above 
analysis,  we  can  understand  that  with  p becoming  larger,  people  are  more  reluctant  to 
react  strongly  to  the  technology  shock.  Therefore,  to  let  output  still  fluctuate  with  a 
standard  deviation  of  2.18%,  the  model  needs  bigger  shocks,  so  the  standard  deviation  of 
the  shock  must  increase  with  the  value  of  p. 

Next,  consider  changes  in  (8,  (3).  When  (5,  p)  moves  from  (0.0225,  0.98),  to 
(0.025,  0.985),  and  then  to  (0.0275,  0.99),  the  annual  depreciation  rate  of  capital  rises 
from  9%  to  10%  and  then  to  11%.  At  the  same  time,  the  time  discount  factor  of 
individuals  becomes  smaller.  The  real  interest  rate  (real  capital  return)  is  kept  constant 
at  4%  per  year  by  the  combinations  of  5 and  (3  used.  These  changes  in  8 and  (3  do  not 
cause  any  abrupt  movements  in  the  estimated  standard  deviations  and  correlations.  They, 
however,  do  react  to  the  changes,  and  the  reactions  are  economically  intuitive.  The 
standard  deviations  of  consumption,  investment,  capital  and  productivity  fall  as  the 
parameters  are  increased  and  the  standard  deviation  of  labor  input  becomes  greater.  When 
P is  bigger,  people  discount  the  utility  from  future  consumption  less  than  they  did  before. 
Therefore,  the  consumption  level  people  want  for  their  future  consumption  will  be  closer 
to  that  of  the  current  period.  This  will,  of  course,  lower  the  correlation  between 
consumption  and  output  since  people  more  strongly  desire  to  smooth  their  consumption 
across  the  different  periods.  In  addition  to  discounting  future  consumption  less,  with  p 
bigger,  today’s  leisure  is  more  substitutable  for  tomorrow’s.  Thus,  when  there  is  a positive 
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productivity  shock,  people  are  willing  to  work  more,  and  replace  part  of  their  leisure 
today  with  leisure  in  the  future.  We  can  also  see  this  from  the  decision  rule  governing  the 
labor  input,  where  the  coefficient  of  log(A.)  becomes  steadily  bigger  as  (3  increases. 
Finally,  the  higher  value  of  8 implies  that  capital  is  less  durable,  which  makes  investment 
more  responsive  to  the  technology  shocks  and,  at  the  same  time,  less  responsive  to  the 
level  of  capital  stock. 

Thirdly,  we  can  look  at  the  effect  of  changes  in  the  value  of  y.  Recall  from  (2) 
that  y is  the  autocorrelation  of  change  in  productivity.  The  bigger  the  value  of  y,  the  more 
persistent  the  effect  of  technology  shocks.  As  can  be  seen  by  comparing,  for  instance, 
Table  3.1,  3.2,  and  3.3,  with  the  other  parameters  fixed,  increasing  the  value  of  y makes 
the  standard  deviations  of  consumption,  investment,  and  labor  input  smaller,  makes  the 
standard  deviation  of  average  labor  productivity  bigger,  and  has  little  effect  on  the 
variance  of  the  capital  stock.  The  correlations  with  output  are  not  sensitive  to  the  value 
of  y except  for  the  correlation  between  consumption  and  output,  which  becomes  larger 
as  y increases.  Those  changes  are  what  should  be  expected  given  the  model’s  setup.  When 
technology  shocks  have  a more  persistent  effect,  people  are  not  going  to  respond  to  the 
shocks  via  any  substitution  effects  as  much  as  that  would  for  a shorter  lived  shock. 
Instead,  shocks  are  expected  to  last  a long  while,  so  a "temporary"  positive  productivity 
shock  means  that  people’s  wealth  has  been  increased  by  relatively  quite  a bit.  Hence 
consumption  will  be  more  closely  related  to  current-period  output  since  current-period 
output  is  a better  measure  of  "permanent  income".  In  addition,  the  standard  deviation  of 
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consumption  is  bigger  when  y is  closer  to  1 since  consumption  will  fluctuate  more  closely 
with  income.  The  standard  deviations  of  investment  and  labor  input  become  smaller, 
because  people’s  saving  and  choice  of  working  time  react  less  actively  to  the  shocks  as 
they  become  longer  lasting.  This  point  is  reflected  in  the  decision  rule,  where  the 
coefficients  on  the  log(X)  term  for  both  investment  and  labor  input  are  smaller  as  y grows. 
As  a result,  to  force  output  to  fluctuate  with  the  same  standard  deviation  across  different 
values  of  y,  the  variance  of  the  productivity  shock  must  grow  with  y. 

Fourth,  we  can  check  the  effects  of  changing  the  value  of  0.  In  a Cobb  Douglas 
production  technology,  0 (1-0)  is  the  elasticity  of  output  with  respect  to  capital  (labor). 
Hence,  a high  value  of  0 increases  the  impact  of  capital  and  decreases  the  impact  of  labor 
in  production.  The  results  show  that  most  of  the  standard  deviations  and  correlations  are 
not  too  sensitive  to  the  change  in  0.  As  a comparison  of,  say,  Table  3.1,  Table  3.4,  and 
Table  3.7  shows,  the  major  effect  occurs  on  the  standard  deviation  of  investment,  which 
moves  in  the  same  direction  as  0.  The  result  that  investment  will  be  more  responsive  to 
the  technology  shock  as  0 increases  seems  quite  intuitive. 

Finally,  the  last  factor  we  consider  is  changes  in  the  steady  state  working  time 
(implied  by  changes  in  r)).  We  use  three  different  values  for  the  steady  state  working 
time,  0.275,  0.30,  and  0.33.  The  results  show  that  changes  in  this  value  (which 
corresponds  to  changes  in  r|)  has  little  effect  on  most  of  the  statistics.  Most  of  the 
changes  in  the  standard  deviations  are  no  more  than  0.10%.  One  clear  characteristic  is 
that  the  standard  deviation  of  labor  input  is  negatively  related  to  its  steady  state  value. 
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Turning  now  to  the  results  as  a whole,  we  have  collected  the  extreme  values  of 
the  calculated  standard  deviations  and  correlations  in  Table  3. 28. 35  Generally,  the 
correlations  between  investment  and  output,  between  labor  input  and  output  are  quite 
stable  and  not  sensitive  to  the  different  calibrations.  The  correlations  between 
consumption  and  output,  and  between  capital  stock  and  output  are,  though,  quite  variable. 
From  Table  3.28,  we  see  that  the  highest  value  of  the  correlation  between  consumption 
and  output  is  2.5  times  more  than  its  lowest  value,  and  the  highest  correlation  between 
the  capital  stock  and  output  is  6 times  more  than  its  lowest  value.  Among  the  standard 
deviations,  the  most  sensitive  is  that  of  investment.  It  is  most  responsive  to  changes  in 
the  values  of  capital  depreciation  rate  and  time  discount  factor.  The  largest  standard 
deviation  obtained  is  approximately  2 times  more  than  the  smallest.  Another  very 
sensitive  standard  deviation  is  that  of  consumption.  This  standard  deviation  turns  out  to 
be  very  sensitive  to  the  value  of  p,  and  the  highest  standard  deviation  of  0.94  is  twice  that 
of  the  lowest.  For  the  sake  of  comparison,  Table  3.28  also  contains  values  for  all  the 
standard  deviation  and  correlations  from  the  actual  U.S.  data. 

Table  3.28  studies  the  extreme  ranges  of  the  standard  deviations  and  correlations 
taken  one  at  a time.  This  table  is  useful  because  it  shows  the  possibility  of  matching  any 

35  It  is  important  to  realize  that  the  range  of  values  reported  in  table  28  is 
obtained  by  looking  at  all  the  possible  parameterizations.  Hence,  it  not  possible  to, 
say,  have  a value  of  the  standard  deviation  of  consumption  of  0.94  and  of  the  working 
hours  of  1.47  because  these  values  are  the  result  of  different  parameterizations. 
Nonetheless,  table  28  is  interesting  because  it  shows  the  possible  range  for  each 
particular  variance  and  covariance. 
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particular  standard  deviation  or  correlation  and  we  see  in  the  table  the  rather  wide  ranges 
possible  for  some  of  the  statistics.  But,  obviously,  we  might  be  interested  in  more  than 
one  standard  deviation  or  correlation  and  the  question  of  whether  a model  can  be 
parameterized  to  match  simultaneously  two  (presumably  key)  standard  deviations  or 
correlations  cannot  be  answered  by  examining  table  28.  Figures  3.1.1  through  3.1.6, 
however,  provide  some  insight  into  this  question.  In  these  figures  we  have  selected  a few 
interesting  pairs  of  standard  deviations  and  correlations  and  graphed  them  against  each 
other. 

Start  with  Figure  3.1.1.  This  figure  shows  the  combinations  of  the  standard 
deviation  of  consumption  and  the  correlation  between  consumption  and  output  that  can 
be  obtained  by  the  different  parameterizations  of  the  model.  In  other  words,  this  figure 
illustrates  all  the  different  pairs  of  the  standard  deviation  of  consumption  and  the 
correlation  of  consumption  and  output  that  can  be  obtained  by  the  different  calibrations. 
Thus,  the  figure  demonstrates  that  it  is  possible  to  increase  the  correlation  of  consumption 
and  output  from  0.4  to  approximately  0.95  and  at  the  same  time,  boost  the  standard 
deviation  of  consumption  from  somewhat  less  than  0.4  to  around  0.95.  Figure  1 shows 
that  there  is  a large  area  of  widely  differing  values  for  the  model’s  computed  standard 
deviation  for  consumption  and  correlation  between  consumption  and  output  depending  on 
small  differences  in  the  calibrated  parameters. 

Figure  3.1.2  illustrates  the  different  combinations  of  the  standard  deviation  of 
investment  and  the  correlation  between  investment  and  output.  Again,  there  is  a fairly 


64 


Figure3.1.1  Scatter  graph  of  C statistics 


standard  deviation  of  i 

Figure  3.1.2  Scatter  Graph  of  I Statistics 
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Figure  3.1.3  Scatter  Graph  of  N Statistics 


Figure  3.1.4  Scatter  Graph  of  I and  C Statistics 


Figure  3.1.5  Scatter  Graph  of  C and  N Statistics  Figure  3.1.6  Scatter  Graph  of  I and  N Statistics 
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wide  range  of  values  from  which  an  investigator  might  report  by  "properly"  calibrating 
the  model.  For  instance,  while  keeping  the  correlation  of  investment  and  output  between 
0.99  and  0.97,  small  changes  in  the  calibrated  parameters  can  send  the  standard  deviation 
for  investment  from  near  6 to  approximately  11. 

The  interpretation  of  Figure  3.1.3  is  similar  to  that  of  Figure  3.1.2.  Here  we  see 
that  slightly  different  calibrations  of  the  parameters  can  cause  a wide  range  of  values  for 
the  standard  deviation  of  labor,  though  without  much  effect  on  the  correlation  between 
output  and  labor  input. 

Figure  3.1.4  plots  the  relationship  between  the  attainable  combinations  of  the 
standard  deviations  of  consumption  and  of  investment.  It  shows  the  wide  range  of  values 
possible  by  making  small  changes  in  the  calibrated  parameters.  This  figure  suggests  it 
should  be  easy  to  calibrate  the  model  in  order  to  match  the  values  of  these  two  statistics 
from  U.S.  data. 

Finally,  Figures  3.1.5  and  3.1.6  display  the  relations  between  the  standard 
deviations  of  consumption  and  of  labor  input,  and  between  the  standard  deviations  of 
investment  and  of  labor  input  generated  by  the  model’s  different  calibrations.  The 
interpretation  of  those  two  figures  are  similar  to  that  of  Figure  3.1.4. 

3.5  The  Fit  of  the  Nodel 

Real  business  cycle  models  try  to  mimic  business  cycle  fluctuations  in  the  real 
economy.  If  the  model  generated  data  has  similar  second  moments  as  those  from  real 
data,  the  model  is  thought  to  it  fit  the  data  well. 
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If  the  model’s  structure  is  fixed,  the  fit  of  the  model  will  be  totally  determined  by 
its  calibration.  From  last  section,  we  see  that  the  statistics  that  real  business  cycle  models 
report  are  sensitive  to  the  value  of  the  parameters  assigned.  The  most  popular  way  of 
calibrating  the  parameters  is  based  on  the  information  from  previous  empirical  works.  It 
is  natural  to  use  available  empirical  results  when  we  try  to  decide  value  of  the  parameters. 
But,  still  there  are  some  parameters  whose  value  is  arbitrarily  decided,  like  p in  the  utility 
function.  Therefore,  models  might  be  calibrated  to  fit  the  empirical  data  as  well  as 
possible. 

To  choose  the  best  fitting  calibration  from  all  those  candidates  in  the  above  sense, 
we  define  the  following  index: 

H = E(  + E(  Kyj-K*yJ  )2 

j 0*j  j X*yJ 

where  CTjS  are  the  standard  deviations  of  output,  consumption,  investment,  and 
employment,  from  the  simulated  data  from  different  calibrations,  (7j*s  are  those  from  real- 
world  data,  K^s  are  the  correlation  between  output  and  other  variables  (consumption, 
investment  and  employment)  of  the  simulated  data  from  different  calibrations,  and  K^s 
are  the  corresponding  correlations  from  real  data.  The  index  assumes  that  we  equally 
weight  those  statistics  when  we  value  their  importance  in  the  fit.  Hence,  the  calibration 
that  minimizes  n gives  the  second  moments  closest  to  those  from  U.S  data.  Therefore  we 
say  that  it  fits  the  data  best  among  all  the  calibrations  we  study.  In  a similar  fashion,  the 
calibration  that  maximizes  the  fl  is  the  worst  fit  calibration. 
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Table  3.29  presents  the  second  moments  of  those  two  calibrations.  We  see  a rather 
substantial  variation  in  the  fit  of  these  models.  The  best  fitting  model  has  an  index  n,  that 
is  less  than  25%  of  the  index  from  the  worst  fitting  model.  What  is  remarkable  is  the  fact 
that  we  get  such  widely  differing  results  from  making  only  relatively  small  changes  in  the 
calibratied  parameters  we  utilize.  The  parameter  sets  are  well  within  the  bounds  of 
reasonability,  but  ultimate  outcomes  differ  quite  widely. 

To  gain  some  additional  insight  into  the  differences  between  the  "best"  and 
worst  fit  models.  In  Figure  3.2.1  ~ 3.3.4,  we  present  the  frequency  distributions  of 
output,  consumption,  investment  and  employment  series  for  U.S  economy  series  and  the 
two  simulated  series  with  the  min-fl  and  max-II36.  Figure  3.2.1  ~ 3.2.4  provide  the 
overall  picture,  while  Figure  3.3.1  ~ 3.3.4  are  the  high  frequency  parts  of  frequency 
distributions.  Figures  3.2.1  and  3.3.1  show  that  with  same  standard  deviation  as  U.S 
output  series,  the  simulated  output  series  have  more  powerful  high  frequency  fluctuations 
but  less  powerful  low  frequency  fluctuations.  The  different  calibrations  generate  similar 
distributions  of  frequencies.  Figures  3.2.2  and  3.3.2  indicate  that  U.S  consumption  series 
has  much  stronger  low  frequency  components  than  the  simulated  series.  The  min-fl 
calibration  and  max-If  have  similar  relative  cross  frequency  distribution  but  the  former 
dominates  the  latter  since  it  has  larger  variance.  The  frequency  distribution  of  min-fl 


We  simulate  the  model  for  100  times.  In  every  simulation,  we  transfer 
simulated  data  to  spectra.  The  final  results  are  the  average  of  the  100  spectra. 
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Figure  3.2.1  All  Frequency  Spectra  of  Output  Series 
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Figure  3.2.2  All  Frequency  Spectra  of  Consumption  Series 
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Figure  3.2.3  All  Frequency  Spectra  of  Investment  Series 


Figure  3.2.4  All  Frequency  Spectra  of  Employment  Series 
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Figure  3.3.2  High  Frequency  Spectra  of  Consumption  Series 
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Figure  3.3.3  High  Frequency  Spectra  of  Investment  Series  Figure  3.3.4  High  Frequency  Spectra  of  Employment  Series 
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calibration  generally  matches  that  of  U.S  consumption  series  well  in  high  frequency  part, 
but  the  match  in  frequency  distributions  of  max-Il  is  poor.  Figures  3.2.3  and  3.3.3 
compare  the  frequency  distributions  of  investment  series.  We  see  that  min-FI  calibration 
matches  U.S  series  better  than  max-FI  in  the  high  frequency  part,  but  latter  does  a good 
job  in  the  low  frequency  part.  Figures  3.2.4  and  3.3.4  give  us  a corresponding  picture  of 
employment  series.  Like  we  see  in  Figure  3.2.2,  the  extraordinary  strong  low  frequency 
components  can  not  be  matched  by  any  calibration  of  the  model.  And  we  can  not  say 
which  calibration  is  doing  better  in  high  frequency  part  since  they  are  very  close  to  each 
other  in  that  section. 

Finally,  Watson  (1993)  has  observed  that  the  traditional  way  of  measuring  the  fit 
of  real  business  cycle  model  is  not  complete  since  the  same  variance  of  simulated  time 
series  and  real  economy  time  series  may  be  from  different  AR  (or  ARMA)  series. 
Therefore,  even  though  the  standard  deviations  and  correlations  from  the  simulated  data 
and  the  real-world  data  are  similar  in  size,  we  can  not  guarantee  the  time  series  properties 
of  the  data  sets  are  similar.  For  this,  Watson  broadened  the  concept  of  fit  for  the 
calibrated  models.  He  defines  the  error  u,  by  the  equation 

u,  = y,  - xt 

where  x,  and  y,  are  n x 1 vector  of  variables,  x,  the  simulated  data  and  yt  the  real  data. 
We  call  u,  the  Watson  residual.  A good  model  should  generate  a variance  covariance 
matrix  of  ut  so  that  its  elements  have  small  absolute  values.  Alternatively  the  series  of  ut 
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should  be  a white  noise  processes  with  small  variances37.  To  minimize  the  variance  of 
u„  the  cross  time  properties  of  the  simulated  data  play  important  role.  The  fit  of  two  time 
series  can  be  checked  in  the  frequency  domain,  to  see  whether  the  frequency  power 
distributions  of  the  two  series  are  similar. 

We  calculate  the  standard  deviations  of  Watson  residuals,  which  we  report  in  the 
Table  3.29  column  (c)s.  It  seems  that  the  sizes  of  those  standard  deviations  are  positively 
related  to  the  sizes  of  the  standard  deviation  of  simulated  series  of  corresponding 
variables.  This  result  is  not  a surprise  since  we  do  not  change  the  model’s  setup  but  only 
adjust  the  values  of  the  parameters  in  very  limited  ranges.  On  this  count,  the  model 
seems  relatively  robust. 

3.6  Conclusion 

By  taking  an  example  of  a widely  used  real  business  cycle  model  and  adjusting 
the  values  of  its  parameters  by  reasonable  amounts,  we  can  study  the  sensitivity  of  this 
"traditional"  real  business  cycle  model  to  changes  in  its  calibration.  When  one  parameter’s 
value  is  changed,  the  calculated  standard  deviations  and  correlations  vary  monotonically 
along  the  direction  implied  by  economic  intuition.  Generally,  those  changes  are  not  abrupt 
but  gradual.  The  most  volatile  statistics  among  those  reported  usually  are  the  standard 
deviations  of  investment  and  consumption,  and  the  correlation  between  consumption  and 


37  Watson  checks  the  u,’s  properties  in  frequency  domain.  He  shows  that  if  xt  is 
the  vector  time  series  from  the  model  of  King  et  al,  the  elements  of  u,  do  have  the 
basic  characteristics  of  white  noise  in  the  frequencies  higher  than  0.05  cycles  per 
quarter. 
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output,  as  well  as  between  the  capital  stock  and  output.  The  other  correlations  are  fairly 
stable  across  the  different  calibrations  of  parameters.  However,  the  small  adjustments  we 
considered  in  the  calibrated  parameters  did  make  relatively  large  changes  in  some  of  the 
models’s  computed  standard  deviations  and  correlations.  In  particular,  we  saw  that  from 
their  lowest  values,  the  standard  deviations  of  consumption  and  investment  can  be  almost 
doubled  by  the  selection  of  different  values  for  the  calibration.  While  less  dramatic, 
nonetheless  the  standard  deviations  for  the  capital  stock  and  working  hours  can  be  raised 
by  more  than  50%  from  their  lowest  values.  In  addition,  the  correlation  between  the 
consumption  and  output  ranges  between  0.38  to  0.96  and  between  the  capital  stock  and 
output  from  0.02  to  0.12.  The  ranges  for  the  correlations  between  output  and  investment, 
working  hours  and  labor  productivity  are,  however,  significantly  more  stable. 

When  we  looked  at  the  effect  different  calibrations  had  on  pairs  of  the  standard 
deviations  and  correlations,  we  again  found  that  relatively  small  changes  in  the  values 
used  for  parameters  could  lead  to  relatively  large  changes  in  the  model’s  computed 
standard  deviations  and  correlations.  Thus,  it  seems  that  the  standard  deviations  and 
correlations  from  at  least  the  bench  mark  real  business  cycle  model  studied  depend  quite 
sensitively  on  the  values  for  the  calibrated  parameters  selected  by  the  researcher. 

In  examining  the  fit  of  the  model,  we  see  that  changing  calibrations  can  provide 
the  model  builder  an  opportunity  to  a the  closer  match  for  the  second  moments  of  the 
model  and  actual  economy,  but  it  will  not  change  by  much  the  cross  time  properties  of 
model  generated  series  in  the  frequency  distributions.  Different  calibrations  only 
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proportionally  enlarge  or  compress  fluctuations  in  different  frequencies  but  not  their 
relative  power. 
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Table  3.1 

Results  of  Simulations 
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n=0.30392 

(a) 

3=0.99 

(b) 

y 

2.18  (0.24) 

1.00  (0.00) 

2.18  (0.24) 

1.00  (0.00) 

2.18  (0.24) 

1.00  (0.00) 

c 

0.57  (0.10) 

0.56  (0.06) 

0.53  (0.09) 

0.54  (0.07) 

0.49  (0.09) 

0.50  (0.08) 

i 

10.68  (1.2) 

0.97  (0.01) 

9.09  (0.99) 

0.98  (0.00) 

7.81  (0.85) 

0.98  (0.00) 

k 

0.73  (0.12) 

0.10  (0.06) 

0.70  (0.12) 

0.08  (0.06) 

0.67  (0.11) 

0.07  (0.06) 

n 

1.39  (0.15) 

0.97  (0.01) 

1.42  (0.15) 

0.97  (0.01) 

1.44  (0.15) 

0.98  (0.01) 

P 

0.89  (0.11) 

0.93  (0.01) 

0.86  (0.10) 

0.93  (0.01) 

0.83  (0.10) 

0.93  (0.01) 

oc  0.01046  0.01035  0.01024 

(d)  n=0.38+0.291og(X)-0.014k  n=0.38+0.301og(X)-0.012k  n=0.37+0.311og(X)-0.01  lk 

i=0.54+ 1 ,381og(X)-0.048k  i=0.56+ 1 .471og(X.)-0.042k  i=0.59+ 1 ,571og(X)-0.035k 


y 

c 

p=l  k 
n 
P 

2.18  (0.24) 
0.63  (0.10) 
9.76  (1.09) 
0.68  (0.11) 
1.24  (0.14) 
1.00  (0.11) 

1.00  (0.00) 
0.80  (0.04) 
0.98  (0.01) 
0.07  (0.06) 
0.98  (0.01) 
0.96  (0.01) 

2.18  (0.24) 
0.60  (0.09) 
8.34  (0.91) 
0.65  (0.11) 
1.26  (0.14) 
0.97  (0.11) 

1.00  (0.00) 
0.80  (0.04) 
0.98  (0.00) 
0.06  (0.06) 
0.98  (0.01) 
0.97  (0.01) 

2.18  (0.24) 
0.57  (0.09) 
7.20  (0.78) 
0.63  (0.11) 
1.28  (0.14) 
0.95  (0.11) 

1.00  (0.00) 
0.79  (0.04) 
0.99  (0.00) 
0.06  (0.06) 
0.98  (0.00) 
0.97  (0.01) 

(d) 

0.01123 

n=0.35+0.241og(X)-0.010k 
i=0.44+ 1 . 1 81og(X)-0.034k 

0.01114 

n=0.35+0.251og(X)-0.009k 
i=0.46+l  .251og(X)-0.029k 

0.01105 

n=0.35+0.261og(X)-0.008k 

i=0.48+1.341og(X)-0.024k 

y 

c 

u=1.5  k 
n 
P 

2.18  (0.24) 
0.70  (0.10) 
9.21  (1.02) 
0.65  (0.11) 
1.15  (0.13) 
1.07  (0.12) 

1.00  (0.00) 
0.89  (0.02) 
0.98  (0.00) 
0.06  (0.06) 
0.98  (0.00) 
0.98  (0.00) 

2.18  (0.24) 
0.67  (0.10) 
7.89  (0.86) 
0.62  (0.10) 
1.17  (0.13) 
1.05  (0.12) 

1.00  (0.00) 
0.89  (0.02) 
0.99  (0.00) 
0.05  (0.06) 
0.98  (0.00) 
0.98  (0.00) 

2.18  (0.24) 
0.64  (0.10) 
6.83  (0.73) 
0.60  (0.10) 

1.19  (0.13) 
1.03  (0.12) 

1.00  (0.00) 
0.89  (0.03) 
0.99  (0.00) 
0.04  (0.06) 
0.98  (0.00) 
0.98  (0.00) 

(d) 

0.01171 

n=0.34+0.221og(X)-0.008k 

i=0.37+1.071og(X)-0.026k 

0.01163 

n=0.34+0.221og(X)-0.007k 

i=0.39+0.141og(X)-0.021k 

0.01154 

n=0.33+0.231og(X)-0.006k 

i=0.41+1.221og(X)-0.017k 

y 

c 

p=2  k 
n 
P 

2.18  (0.24) 
0.75  (0.10) 
8.83  (0.97) 
0.63  (0.11) 
1.09  (0.12) 
1.12  (0.12) 

1.00  (0.00) 
0.93  (0.02) 
0.98  (0.00) 
0.05  (0.06) 
0.98  (0.00) 
0.98  (0.00) 

2.18  (0.24) 
0.73  (0.10) 
7.59  (0.82) 
0.60  (0.10) 
1.11  (0.12) 
1.10  (0.12) 

1.00  (0.00) 
0.93  (0.02) 
0.99  (0.00) 
0.04  (0.06) 
0.99  (0.00) 
0.99  (0.00) 

2.18  (0.24) 
0.71  (0.10) 
6.58  (0.71) 
0.58  (0.10) 
1.13  (0.12) 
1.08  (0.12) 

1.00  (0.00) 
0.93  (0.02) 
0.99  (0.00) 
0.03  (0.06) 
0.99  (0.00) 
0.99  (0.00) 

(d) 

0.01203 

n=0.33+0.201og(X)-0.007k 

i=0.33+1.001og(X)-0.020k 

0.01196 

n=0.32+0.20Iog(X)-0.006k 

i=0.35+1.071og(X)-0.016k 

0.01188 

n=0.32+0.211og(X)-0.005k 
i=0.37+ 1 . 1 41og(X)-0.0 1 2k 

Column  (a)  are  the  standard  deviations  of  the  variables. 

Column  (b)  are  the  correlations  of  the  variables  with  output. 

Row  (d)  are  the  decision  rules. 

Within  the  ( ) are  the  sample  standard  deviations  of  the  statistics. 

n*  is  the  steady  state  working  hours,  p is  the  productivity  (output  divided  by  hours). 
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Table  3.2 

Results  of  Simulation 


n*=0.275,  9=0.36,  y=0.925 


5=0.0225 

0=0.32468 

(a) 

(3=0.98 

(b) 

5=0.025 

71=0.31510 

(a) 

(3=0.985 

(b) 

5=0.0275 

71=0.30392 

(a) 

p=0.99 

(b) 

y 

c 

u=0.5  k 
n 
P 

2.18  (0.24) 
0.62  (0.10) 
10.36  (1.2) 
0.73  (0.12) 
1.34  (0.14) 
0.94  (0.11) 

1.00  (0.00) 
0.65  (0.06) 
0.97  (0.01) 
0.11  (0.06) 
0.97  (0.01) 
0.94  (0.01) 

2.18  (0.24) 
0.58  (0.10) 
8.83  (0.98) 
0.70  (0.12) 
1.36  (0.15) 
0.92  (0.11) 

1.00  (0.00) 
0.63  (0.07) 
0.98  (0.01) 
0.10  (0.06) 
0.97  (0.01) 
0.94  (0.01) 

2.18  (0.24) 
0.54  (0.10) 
7.60  (0.83) 
0.67  (0.11) 
1.38  (0.15) 
0.88  (0.11) 

1.00  (0.00) 
0.60  (0.08) 
0.98  (0.00) 
0.09  (0.06) 
0.98  (0.01) 
0.94  (0.01) 

(d) 

0.01064 

n=0.38+0.281og(A.)-0.014k 

i=0.54+1.301og(X)-0.048k 

0.01054 

n=0.38+0.281og(A.)-0.012k 

i=0.56+1.391og(X)-0.042k 

0.01042 

n=0.37+0.291og(A.)-0.01  lk 
i=0.59+1.491og(X)-0.035k 

y 

c 

i 

p=l  k 
n 
P 

2.18  (0.24) 
0.70  (0.11) 
9.45  (1.06) 
0.68  (0.12) 

1.19  (0.13) 
1.05  (0.12) 

1.00  (0.00) 
0.84  (0.03) 
0.98  (0.01) 
0.08  (0.06) 
0.97  (0.01) 
0.97  (0.01) 

2.18  (0.24) 
0.66  (0.10) 
8.10  (0.89) 
0.66  (0.11) 
1.21  (0.13) 
1.03  (0.12) 

1.00  (0.00) 
0.84  (0.04) 
0.98  (0.01) 
0.08  (0.06) 
0.98  (0.01) 
0.97  (0.01) 

2.18  (0.24) 
0.63  (0.10) 

7.00  (0.76) 
0.63  (0.11) 
1.23  (0.13) 

1.00  (0.11) 

1.00  (0.00) 
0.83  (0.04) 
0.99  (0.00) 
0.07  (0.06) 
0.98  (0.00) 
0.97  (0.01) 

(d) 

0.01140 

n=0.35+0.23Iog(A.)-0.010k 
i=0.43+ 1.11  log(X)-0.034k 

0.01131 

n=0.35+0.231og(X)-0.009k 
i=0.46+ 1 . 1 91og(X)-0.029k 

0.01121 

n=0.35+0.241og(X)-0.008k 

i=0.48+1.271og(X)-0.024k 

y 

c 

u=1.5  k 
n 
P 

2.18  (0.24) 
0.77  (0.11) 
8.90  (1.00) 
0.65  (0.11) 
1.10  (0.12) 
1.12  (0.13) 

1.00  (0.00) 
0.91  (0.02) 
0.98  (0.01) 
0.07  (0.06) 
0.98  (0.00) 
0.98  (0.00) 

2.18  (0.24) 
0.74  (0.11) 
7.65  (0.84) 
0.63  (0.11) 
1.12  (0.12) 
1.10  (0.12) 

1.00  (0.00) 
0.91  (0.02) 
0.98  (0.00) 
0.06  (0.06) 
0.98  (0.00) 
0.98  (0.00) 

2.18  (0.24) 
0.71  (0.11) 
6.64  (0.72) 
0.60  (0.10) 
1.14  (0.12) 
1.08  (0.12) 

1.00  (0.00) 
0.91  (0.03) 
0.99  (0.00) 
0.05  (0.06) 
0.98  (0.00) 
0.98  (0.00) 

aE 

(d) 

0.01187 

n=0.34+0.201og(X.)-0.008k 

i=0.37+1.011og(X)-0.026k 

0.01178 

n=0.34+0.211og(A.)-0.007k 

i=0.39+1.081og(A.)-0.021k 

0.01169 

n=0.33+0.211og(A.)-0.006k 
i=0.4 1 + 1.1 61og(A.)-0.0 17k 

y 

c 

p= 2 k 
n 
P 

2.18  (0.24) 
0.83  (0.12) 
8.53  (0.96) 
0.63  (0.11) 
1.04  (0.11) 
1.17  (0.13) 

1.00  (0.00) 
0.94  (0.02) 
0.98  (0.01) 
0.06  (0.06) 
0.98  (0.00) 
0.99  (0.00) 

2.18  (0.24) 
0.80  (0.12) 
7.35  (0.81) 
0.60  (0.10) 
1.06  (0.12) 
1.15  (0.13) 

1.00  (0.00) 
0.94  (0.02) 
0.99  (0.01) 
0.05  (0.06) 
0.98  (0.00) 
0.99  (0.00) 

2.18  (0.24) 
0.77  (0.12) 
6.39  (0.69) 
0.58  (0.10) 
1.08  (0.12) 
1.13  (0.13) 

1.00  (0.00) 
0.94  (0.02) 
0.99  (0.00) 
0.04  (0.06) 
0.99  (0.00) 
0.99  (0.00) 

aE  0.01218  0.01211  0.01203 

(d)  n =0.33+0. 1 91og(X)-0.007k  n=0.33+0.191og(\)-0.006k  n=0.32+0.201og(X.)-0.005k 

i=0.33+0.941og(A.)-0.020k  i=0.35+ 1 .0 1 log(X)-0.0 16k  i=0.37+ 1 ,091og(X)-0.0 1 2k 


Column  (a)  are  the  standard  deviations  of  the  variables. 

Column  (b)  are  the  correlations  of  the  variables  with  output. 

Row  (d)  are  the  decision  rules. 

Within  the  ( ) are  the  sample  standard  deviation  of  the  statistics. 

n*  is  the  steady  state  working  hours,  p is  the  productivity  (output  divided  by  hours). 
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Table  3.3 

Results  of  Simulations 


n*=0.275,  6=0.36, 

y=0.95 

5=0.0225 
r|  =0.32468 
(a) 

(3=0.98 

(b) 

5=0.025 
r|  =0.31510 
(a) 

3=0.985 

(b) 

5=0.0275 
ti  =0.30392 
(a) 

3=0.99 

(b) 

y 

c 

u=0.5  k 
n 
P 

2.18  (0.24) 
0.69  (0.12) 
9.92  (1.14) 
0.72  (0.12) 
1.26  (0.14) 
1.02  (0.12) 

1.00  (0.00) 
0.74  (0.06) 
0.97  (0.01) 
0.12  (0.06) 
0.97  (0.01) 
0.95  (0.01) 

2.18  (0.24) 
0.65  (0.11) 
8.46  (0.95) 
0.69  (0.12) 
1.28  (0.14) 
0.98  (0.12) 

1.00  (0.00) 
0.73  (0.07) 
0.98  (0.01) 
0.11  (0.06) 
0.97  (0.01) 
0.95  (0.01) 

2.18  (0.24) 
0.62  (0.11) 

7.30  (0.81) 
0.66  (0.11) 

1.30  (0.14) 
0.96  (0.11) 

1.00  (0.00) 
0.71  (0.08) 
0.98  (0.01) 
0.10  (0.06) 
0.97  (0.01) 
0.95  (0.01) 

(d) 

0.01097 

n=0.38+0.251og(X)-0.014k 

i=0.54+1.201og(X)-0.048k 

0.01088 

n=0.38+0.261og(X)-0.012k 

i=0.56+1.281og(X)-0.042k 

0.01078 

n=0.37+0.261og(A.)-0.01  lk 
i=0.59+1.371og(X)-0.035k 

y 

c 

u=l  k 
n 
P 

2.18  (0.24) 
0.78  (0.12) 
9.01  (1.04) 
0.67  (0.11) 
1.11  (0.12) 
1.13  (0.13) 

1.00  (0.00) 
0.88  (0.03) 
0.97  (0.01) 
0.09  (0.06) 
0.97  (0.01) 
0.97  (0.00) 

2.18  (0.24) 
0.75  (0.12) 
7.73  (0.87) 
0.64  (0.11) 
1.13  (0.12) 
1.10  (0.13) 

1.00  (0.00) 
0.88  (0.03) 
0.98  (0.01) 
0.09  (0.06) 
0.98  (0.01) 
0.98  (0.00) 

2.18  (0.24) 
0.72  (0.12) 
6.71  (0.74) 
0.62  (0.11) 
1.15  (0.12) 
1.08  (0.12) 

1.00  (0.00) 
0.88  (0.04) 
0.98  (0.01) 
0.08  (0.06) 
0.98  (0.00) 
0.98  (0.00) 

<*z 

(d) 

0.01173 

n=0.35+0.211og(\)-0.010k 

i=0.43+1.021og(X)-0.034k 

0.01165 

n=0.35+0.211og(X)-0.009k 

i=0.46+1.091og(X)-0.029k 

0.01155 

n=0. 35+0.2 1 log(A.)-0.008k 
i=0.48+ 1 . 1 81og(X)-0.024k 

y 

c 

u=1.5  k 
n 
P 

2.18  (0.24) 
0.87  (0.13) 
8.46  (0.98) 
0.63  (0.11) 
1.02  (0.11) 
1.20  (0.13) 

1.00  (0.00) 
0.93  (0.02) 
0.98  (0.01) 
0.08  (0.06) 
0.98  (0.01) 
0.98  (0.00) 

2.18  (0.24) 
0.84  (0.13) 
7.28  (0.82) 
0.61  (0.11) 
1.04  (0.11) 

1.18  (0.13) 

1.00  (0.00) 
0.93  (0.02) 
0.98  (0.01) 
0.07  (0.06) 
0.98  (0.00) 
0.98  (0.00) 

2.18  (0.24) 
0.81  (0.13) 
6.34  (0.71) 
0.59  (0.10) 
1.06  (0.11) 
1.16  (0.13) 

1.00  (0.00) 
0.93  (0.03) 
0.99  (0.01) 
0.06  (0.06) 
0.98  (0.00) 
0.98  (0.00) 

(d) 

0.01220 

n=0.34+0. 1 81og(\)-0.008k 
i=0.37+0.921og(X)-0.026k 

0.01213 

n=0.34+0. 1 91og(A.)-0.007k 
i=0.39+0.991og(X)-0.021k 

0.01204 

n=0.33+0. 191og(A.)-0.006k 
i=0.4 1 + 1 .071og(X)+0.0 1 7k 

y 

c 

u=2  k 
n 
P 

2.18  (0.24) 
0.93  (0.13) 
8.08  (0.94) 
0.61  (0.11) 
0.96  (0.10) 
1.25  (0.14) 

1.00  (0.00) 
0.95  (0.02) 
0.98  (0.01) 
0.06  (0.06) 
0.98  (0.01) 
0.99  (0.00) 

2.18  (0.24) 
0.90  (0.14) 
6.98  (0.79) 
0.59  (0.10) 
0.98  (0.11) 
1.23  (0.14) 

1.00  (0.00) 
0.95  (0.02) 
0.98  (0.01) 
0.06  (0.06) 
0.98  (0.00) 
0.99  (0.00) 

2.18  (0.24) 
0.88  10.14) 
6.10  (0.68) 
0.57  (0.10) 
0.99  (0.11) 
1.21  (0.14) 

1.00  10.00) 
0.95  (0.02) 
0.99  (0.01) 
0.05  (0.06) 
0.98  (0.00) 
0.99  (0.00) 

aE  0.01253  0.01245  0.01237 

(d)  n=0.33+0.171og(A.)-0.007k  n=0.32+0.171og(X)-0.006k  n=0.32+0. 181og(X)-0.005k 

i =0.33+0. 861og(X)-0.020k  i=0.35+0.921og(X)-0.0 1 6k  i=0.37+ 1 ,001og(X)-0.0 1 2k 

Column  (a)  are  the  standard  deviations  of  the  variables. 

Column  (b)  are  the  correlations  of  the  variables  with  output. 

Row  (d)  are  the  decision  rules. 

Within  the  ( ) are  the  sample  standard  deviations  of  the  statistics. 

n*  is  the  steady  state  working  hours,  p is  the  productivity  (output  divided  by  hours). 
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Table  3.4 

Results  of  Simulations 


n*=0.275,  0=0.38.  y=0.90 


4=1 


5=0.0225 

(3=0-98 

5=0.025 

(3=0.985 

5=0.0275 

(3=0.99 

p =0.32881 

r|=0.3 1 848 

r|  =0.30640 

(a) 

(b) 

(a) 

(b) 

(a) 

(b) 

y 

2.18  (0.24) 

1.00  (0.00) 

2.18  (0.24) 

1.00  (0.00) 

2.18  (0.24) 

1.00  (0.00) 

c 

0.55  (0.10) 

0.54  (0.06) 

0.52  (0.09) 

0.51  (0.07) 

0.48  (0.08) 

0.47  (0.08) 

i 

10.19  (1.1) 

0.98  (0.01) 

8.67  (0.95) 

0.98  (0.00) 

7.45  (0.80) 

0.98  (0.00) 

5 k 

0.71  (0.12) 

0.09  (0.06) 

0.68  (0.11) 

0.08  (0.06) 

0.64  (0.11) 

0.07  (0.06) 

n 

1.41  (0.15) 

0.97  (0.01) 

1.43  (0.15) 

0.97  (0.01) 

1.45  (0.15) 

0.98  (0.01) 

P 

0.88  (0.11) 

0.93  (0.01) 

0.85  (0.10) 

0.93  (0.01) 

0.82  (0.10) 

0.93  (0.01) 

aE 

0.01062 

0.01052 

0.01040 

(d) 

n=0.38+0.291og(X)-0.01  lk 
i=0.61+1.581og(X)-0.043k 

n=0.37+0.301og(A,)-0.010k 
i=0.64+ 1 ,681og(A.)-0.037k 

n=0.37+0.311og(X)-0.009k 
i=0.67+l. 801og(X)-0.031k 

y 

2.18  (0.24) 

1.00  (0.00) 

2.18  (0.24) 

1.00  (0.00) 

2.18  (0.24) 

1.00  (0.00) 

c 

0.62  (0.09) 

0.80  (0.04) 

0.59  (0.09) 

0.80  (0.04) 

0.55  (0.09) 

0.78  (0.05) 

i 

9.32  (1.03) 

0.98  (0.01) 

7.97  (0.87) 

0.98  (0.00) 

6.88  (0.74) 

0.99  (0.00) 

k 

0.66  (0.11) 

0.07  (0.06) 

0.63  (0.11) 

0.06  (0.06) 

0.60  (0.10) 

0.05  (0.06) 

n 

1.27  (0.14) 

0.98  (0.01) 

1.28  (0.14) 

0.98  (0.01) 

1.30  (0.14) 

0.98  (0.00) 

P 

0.99  (0.11) 

0.96  (0.01) 

0.96  (0.11) 

0.97  (0.01) 

0.94  (0.11) 

0.97  (0.01) 

aE 

0.01138 

0.01129 

0.001120 

(d) 

n=0.35+0.241og(A.)-0.008k 

i=0.49+1.35Iog(X)-0.031k 

n=0.35+0.251og(A.)-0.007k 

i=0.52+1.441og(X)-0.025k 

n=0.35+0.261og(A.)-0.006k 

i=0.55+1.551og(X)-0.020k 

y 

2.18  (0.24) 

1.00  (0.00) 

2.18  (0.24) 

1.00  (0.00) 

2.18  (0.24) 

1.00  (0.00) 

c 

0.69  (0.10) 

0.88  (0.03) 

0.66  (0.10) 

0.88  (0.03) 

0.63  (0.10) 

0.88  (0.03) 

i 

8.79  (0.97) 

0.98  (0.01) 

7.54  (0.82) 

0.99  (0.00) 

6.53  (0.70) 

0.99  (0.00) 

5 k 

0.62  (0.10) 

0.05  (0.06) 

0.60  (0.10) 

0.05  (0.06) 

0.57  (0.10) 

0.04  (0.06) 

n 

1.16  (0.13) 

0.98  (0.00) 

1.18  (0.13) 

0.98  (0.00) 

1.20  (0.13) 

0.98  (0.00) 

P 

1.06  (0.12) 

0.98  (0.00) 

1.04  (0.12) 

0.98  (0.00) 

1.02  (0.11) 

0.98  (0.00) 

aE 

0.01185 

0.01177 

0.01169 

(d) 

n=0.34+0.221og(A.)-0.007k 

i=0.42+1.221og(X)-0.023k 

n=0.33+0.221og(A,)-0.006k 
i=0.44+ 1.31  log(A.)-0.0 1 8k 

n=0.33+0.231og(X)-0.005k 
i=0.47+ 1 .4 1 log(/.)-0.0 1 4k 

y 

2.18  (0.24) 

1.00  (0.00) 

2.18  (0.24) 

1.00  (0.00) 

2.18  (0.24) 

1.00  (0.00) 

c 

0.74  (0.10) 

0.92  (0.02) 

0.72  (0.10) 

0.93  (0.02) 

0.69  (0.10) 

0.93  (0.02) 

i 

8.44  (0.93) 

0.98  (0.00) 

7.25  (0.78) 

0.99  (0.00) 

6.29  (0.67) 

0.99  (0.00) 

k 

0.60  (0.10) 

0.04  (0.06) 

0.58  (0.10) 

0.03  (0.06) 

0.56  (0.09) 

0.03  (0.06) 

n 

1.10  (0.12) 

0.98  (0.00) 

1.12  (0.11) 

0.99  (0.00) 

1.13  (0.12) 

0.98  (0.00) 

P 

1.11  (0.12) 

0.98  (0.00) 

1.09  (0.12) 

0.99  (0.00) 

1.07  (0.12) 

0.98  (0.00) 

<*e 

0.01217 

0.01210 

0.01202 

(d) 

n=0.33+0.201og(A.)-0.005k 

i=0.37+1.151og(X)-0.017k 

n=0.32+0.201og(A.)-0.005k 

i=0.39+1.231og(X)-0.013k 

n=0.32+0.211og(A.)-0.004k 

i=0.42+1.321og(X)-0.009k 

4=1 


4=2 


Column  (a)  are  the  standard  deviations  of  the  variables. 

Column  (b)  are  the  correlations  of  the  variables  with  output. 

Row  (d)  are  the  decision  rules. 

Within  the  ( ) are  the  sample  standard  deviations  of  the  statistics. 

n*  is  the  steady  state  working  hours,  p is  the  productivity  (output  divided  by  hours). 
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Table  3.5 

Results  of  Simulations 


n*=0.275,  0=0.38, 

y=0.925 

5=0.0225 
r|  =0.32881 
(a) 

(3=0.98 

(b) 

5=0.025  | 

r|=0.3 1 848 
(a) 

[3=0.985 

(b) 

6=0.0275 
t|  =0.30640 
(a) 

(3=0.99 

(b) 

y 

c 

p=0.5  k 
n 
P 

2.18  (0.24) 
0.60  (0.10) 
9.90  (1.12) 
0.71  (0.12) 
1.35  (0.15) 
0.93  (0.11) 

1.00  (0.00) 
0.63  (0.06) 
0.97  (0.01) 
0.10  (0.06) 
0.97  (0.01) 
0.94  (0.01) 

2.18  (0.24) 
0.56  (0.10) 
8.44  (0.93) 
0.68  (0.11) 
1.37  (0.15) 
0.90  (0.11) 

1.00  (0.00) 
0.61  (0.07) 
0.98  (0.01) 
0.09  (0.06) 
0.97  (0.01) 
0.94  (0.01) 

2.18  (0.24) 
0.53  (0.09) 
7.26  (0.79) 
0.65  (0.11) 
1.40  (0.15) 
0.87  (0.10) 

1.00  (0.00) 
0.58  (0.09) 
0.98  (0.00) 
0.08  (0.06) 
0.98  (0.01) 
0.94  (0.01) 

<JE 

(d) 

0.01077 

n=0.38+0.271og(X)-0.01  lk 
i=0.61+1.501og(X)-0.043k 

0.01068 

n=0.38+0.281og(X)-0.010k 

i=0.64+1.601og(X)-0.037k 

0.01057 

n=0.37+0.291og(X)-0.009k 
i=0.67+l. 7 llog(X)-0.031k 

y 

c 

i 

p=l  k 
n 
P 

2.18  (0.24) 
0.68  (0.11) 

9.04  (1.01) 
0.65  (0.11) 
1.20  (0.13) 

1.04  (0.12) 

1.00  (0.00) 
0.83  (0.04) 
0.98  (0.01) 
0.08  (0.06) 
0.98  (0.01) 
0.97  (0.01) 

2.18  (0.24) 
0.65  (0.10) 
7.74  (0.85) 
0.63  (0.11) 
1.22  (0.13) 
1.02  (0.12) 

1.00  (0.00) 
0.83  (0.04) 
0.98  (0.00) 
0.07  (0.06) 
0.98  (0.01) 
0.97  (0.01) 

2.18  (0.24) 
0.61  (0.10) 
6.70  (0.73) 
0.61  (0.10) 
1.24  (0.13) 
0.99  (0.11) 

1.00  (0.00) 
0.82  (0.05) 
0.99  (0.00) 
0.06  (0.06) 
0.98  (0.00) 
0.97  (0.01) 

(d) 

0.01153 

n=0.35+0.231og(X)-0.008k 

i=0.49+1.281og(X)-0.031k 

0.01144 

n=0.35+0.231og(A.)-0.007k 

i=0.52+1.371og(X)-0.025k 

0.01135 

n=0.35+0.241og(A.)-0.006k 

i=0.55+1.471og(X)-0.020k 

y 

c 

i 

p=1.5  k 
n 
P 

2.18  (0.24) 
0.75  (0.11) 
8.52  (0.95) 
0.62  (0.11) 
1.11  (0.12) 
1.11  (0.13) 

1.00  (0.00) 
0.91  (0.02) 
0.98  (0.01) 
0.06  (0.06) 
0.98  (0.01) 
0.98  (0.00) 

2.18  (0.24) 
0.73  (0.11) 
7.32  (0.80) 
0.60  (0.10) 
1.13  (0.12) 
1.09  (0.12) 

1.00  (0.00) 
0.90  (0.03) 
0.99  (0.01) 
0.06  (0.06) 
0.98  (0.00) 
0.98  (0.00) 

2.18  (0.24) 
0.70  (0.11) 
6.35  (0.69) 
0.58  (0.10) 
1.15  (0.12) 
1.07  (0.12) 

1.00  (0.00) 
0.90  (0.03) 
0.99  (0.00) 
0.05  (0.06) 
0.98  (0.00) 
0.98  (0.00) 

crE 

(d) 

0.01199 

n=0.341+0.20og(X)-0.007k 

i=0.42+1.161og(X)-0.023k 

0.01192 

n=0. 33+0.2 1 log(A.)-0.006k 
i=0.44+1.251og(X)-0.018k 

0.01183 

n=0. 33+0.2  llog(A.)-0. 005k 
i=0.47+1.341og(X)-0.014k 

y 

c 

p=2  k 
n 
P 

2.18  (0.24) 
0.81  (0.12) 
8.17  (0.91) 
0.60  (0.10) 
1.05  (0.11) 
1.16  (0.13) 

1.00  (0.00) 
0.94  (0.02) 
0.98  (0.01) 
0.05  (0.06) 
0.98  (0.01) 
0.99  (0.00) 

2.18  (0.24) 
0.79  (0.12) 
7.03  (0.77) 
0.58  (0.10) 
1.07  (0.12) 
1.14  (0.13) 

1.00  (0.00) 
0.94  (0.02) 
0.99  (0.00) 
0.05  (0.06) 
0.98  (0.00) 
0.99  (0.00) 

2.18  (0.24) 
0.76  (0.12) 
6.12  (0.66) 
0.56  (0.10) 
1.08  (0.12) 
1.12  (0.13) 

1.00  (0.00) 
0.94  (0.02) 
0.99  (0.00) 
0.04  (0.06) 
0.99  (0.00) 
0.99  (0.00) 

oe  0.01231  0.01224  0.01215 

(d)  n=0.33+0. 191og(X)-0.006k  n=0.32+0. 191og(\)-0.005k  n=0.32+0.201og(A.)-0.004k 

i=0.37+l  ,081og(X)-0.0 1 7k  i=0.39+ 1 . 1 71og(A.)-0.0 1 3k  i=0.42+l  ,261og(X)-0.009k 


Column  (a)  are  the  standard  deviations  of  the  variables. 

Column  (b)  are  the  correlations  of  the  variables  with  output. 

Row  (d)  are  the  decision  rules. 

Within  the  ( ) are  the  sample  standard  deviation  of  the  statistics. 

n*  is  the  steady  state  working  hours,  p is  the  productivity  (divided  by  hours). 
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Table  3.6 

Results  of  Simulations 


n*=0.275,  0=0.38.  y=0.95 


8=0.0225 
ti  =0.32881 
(a) 

[3=0.98 

(b) 

5=0.025 
r|=0.3 1 848 
(a) 

(3=0.985 

(b) 

5=0.0275 
r|  =0.3064 

(a) 

[3=0.99 

(b) 

y 

c 

p=0.5  k 
n 
P 

2.18  (0.24) 
0.67  (0.11) 
9.51  (1.09) 
0.70  (0.12) 
1.28  (0.14) 
1.00  (0.12) 

1.00  (0.00) 
0.72  (0.07) 
0.97  (0.01) 
0.11  (0.06) 
0.97  (0.01) 
0.95  (0.01) 

2.18  (0.24) 
0.63  (0.11) 
8.11  (0.91) 
0.67  (0.11) 
1.30  (0.14) 
0.97  (0.12) 

1.00  (0.00) 
0.71  (0.08) 
0.98  (0.01) 
0.10  (0.06) 
0.97  (0.01) 
0.95  (0.01) 

2.18  (0.24) 
0.60  (0.11) 
6.99  (0.77) 
0.64  (0.11) 
1.32  (0.14) 
0.94  (0.11) 

1.00  (0.00) 
0.69  (0.09) 
0.98  (0.01) 
0.09  (0.06) 
0.98  (0.01) 
0.95  (0.01) 

<*E 

(d) 

0.011087 

n=0.38+0.251og0.)-0.011k 

i=0.61+1.381og(X)-0.043k 

0.01100 

n=0.37+0.261ogl?i)-0.010k 
i=0.64+ 1 ,481og(X)-0.037k 

0.01090 

n=0.37+0.261og(A.)-0.009k 

i=0.67+1.591og(X)-0.031k 

y 

c 

i 

p=l  k 
n 
P 

2.18  (0.24) 
0.77  (0.12) 
8.64  (0.99) 
0.64  (0.11) 
1.13  (0.12) 
1.11  (0.13) 

1.00  (0.00) 
0.88  (0.04) 
0.98  (0.01) 
0.09  (0.06) 
0.97  (0.01) 
0.97  (0.00) 

2.18  (0.24) 
0.74  (0.12) 
7.41  (0.83) 
0.62  (0.11) 
1.14  (0.12) 
1.09  (0.12) 

1.00  (0.00) 
0.87  (0.04) 
0.98  (0.00) 
0.08  (0.06) 
0.98  (0.01) 
0.98  (0.00) 

2.18  (0.24) 
0.71  (0.12) 
6.43  (0.71) 
0.60  (0.10) 
1.16  (0.13) 
1.06  (0.12) 

1.00  (0.00) 
0.87  (0.04) 
0.98  (0.00) 
0.07  (0.06) 
0.98  (0.00) 
0.98  (0.00) 

(d) 

0.01184 

n=0.35+0.211og(A.)-0.008k 

i=0.49+1.181og(X)-0.031k 

0.01176 

n=0.35+0.211og(X)-0.007k 

i=0.52+1.271og(X)-0.025k 

0.01167 

n=0.35+0.221og(A)-0.006k 

i=0.55+1.371og(X)-0.020k 

y 

c 

p=1.5  k 
n 
P 

2.18  (0.24) 
0.85  (0.13) 
8.11  (0.94) 
0.61  (0.11) 
1.03  (0.11) 

1.18  (0.13) 

1.00  (0.00) 
0.93  (0.02) 
0.98  (0.01) 
0.07  (0.06) 
0.98  (0.00) 
0.98  (0.00) 

2.18  (0.24) 
0.82  (0.13) 
6.99  (0.79) 
0.59  (0.10) 
1.05  (0.11) 
1.17  (0.13) 

1.00  (0.00) 
0.93  (0.03) 
0.98  (0.00) 
0.06  (0.06) 
0.98  (0.00) 
0.98  (0.00) 

2.18  (0.24) 
0.80  (0.13) 
6.08  (0.68) 
0.57  (0.10) 
1.07  (0.12) 
1.14  (0.13) 

1.00  (0.00) 
0.92  (0.03) 
0.99  (0.00) 
0.06  (0.06) 
0.98  (0.00) 
0.99  (0.00) 

(d) 

0.01231 

n=0.34+0. 181og(X)-0.007k 
i=0.42+1.071og(X)-0.023k 

0.01224 

n=0.33+0.191og(X)-0.006k 
i=0.44+ 1 . 1 51og(A.)-0.0 1 8k 

0.01215 

n=0.33+0. 191og(X)-0.005k 
i=0.47+1.241og(X)-0.014k 

y 

c 

\x=2  k 
n 
P 

2.18  (0.24) 
0.91  (0.14) 
7.75  (0.90) 
0.59  (0.10) 
0.97  (0.11) 
1.24  (0.14) 

1.00  (0.00) 
0.95  (0.02) 
0.98  (0.01) 
0.06  (0.06) 
0.98  (0.00) 
0.99  (0.00) 

2.18  (0.24) 
0.89  (0.14) 
6.70  (0.76) 
0.57  (0.10) 
0.99  (0.11) 
1.22  (0.14) 

1.00  (0.00) 
0.95  (0.02) 
0.98  (0.01) 
0.05  (0.06) 
0.98  (0.00) 
0.99  (0.00) 

2.18  (0.24) 
0.86  (0.14) 
5.85  (0.65) 
0.55  (0.10) 
1.01  (0.11) 
1.20  (0.13) 

1.00  (0.00) 
0.95  (0.02) 
0.99  (0.00) 
0.05  (0.06) 
0.99  (0.00) 
0.99  (0.00) 

(d) 

0.01263 

n=0.33+0. 171og(A.)-0.006k 
i =0.37+0. 991og(X)-0.0 1 7k 

0.01256 

n=0.32+0. 171og(X)-0.005k 
i=0.39+1.071og(X)-0.013k 

0.01248 

n=0.32+0. 1 81og(  A.)-0.004k 
i=0.42+ 1 . 1 61og(X)-0.009k 

Column  (a)  are  the  standard  deviations  of  the  variables. 

Column  (b)  are  the  correlations  of  the  variables  with  output. 

Row  (d)  are  the  decision  rules. 

Within  the  ( ) are  the  sample  standard  deviation  of  the  statistics. 

n*  is  the  steady  state  working  hours,  p is  the  productivity  ( output  divided  by  hours). 
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Table  3.7 

Results  of  Simulations 
n*=0.275,  0=0.40,  y=0-90 


5=0.0225 

P=0.98 

5=0.025 

[3=0.985 

5=0.0275 

[3=0.99 

ri  =0.33315 

p =0.32205 

r|  =0.30903 

(a) 

(b) 

(a) 

(b) 

(a) 

(b) 

y 

2.18  (0.24) 

1.00  (0.00) 

2.18  (0.24) 

1.00  (0.00) 

2.18  (0.24) 

1.00  (0.00) 

c 

0.54  (0.09) 

0.52  (0.07) 

0.51  (0.09) 

0.48  (0.08) 

0.47  (0.08) 

0.44  (0.09) 

i 

9.75  (1.08) 

0.98  (0.01) 

8.29  (0.91) 

0.98  (0.00) 

7.12  (0.77) 

0.99  (0.00) 

i k 

0.68  (0.11) 

0.09  (0.06) 

0.65  (0.11) 

0.08  (0.06) 

0.62  (0.10) 

0.07  (0.06) 

n 

1.42  (0.15) 

0.97  (0.01) 

1.44  (0.15) 

0.97  (0.01) 

1.47  (0.16) 

0.98  (0.01) 

p 

0.86  (0.11) 

0.93  (0.01) 

0.83  (0.10) 

0.93  (0.01) 

0.80  (0.10) 

0.93  (0.01) 

0.01078 

0.01069 

0.01058 

(d) 

n=0.38+0.291og(A.)-0.009k 

i=0.70+1.821og(X)-0.039k 

n=0.37+0.301og(X)-0.008k 

i=0.73+1.951og(X)-0.033k 

n=0.37+0.311og(A.)-0.007k 

i=0.77+2.091og(X)-0.027k 

y 

2.18  (0.24) 

1.00  (0.00) 

2.18  (0.24) 

1.00  (0.00) 

2.18  (0.24) 

1.00  (0.00) 

c 

0.60  (0.09) 

0.79  (0.04) 

0.57  (0.09) 

0.78  (0.05) 

0.54  (0.09) 

0.77  (0.05) 

i 

8.92  (0.98) 

0.98  (0.00) 

7.63  (0.83) 

0.98  (0.00) 

6.58  (0.71) 

0.99  (0.00) 

k 

0.63  (0.11) 

0.07  (0.06) 

0.60  (0.10) 

0.06  (0.06) 

0.58  (0.10) 

0.05  (0.06) 

n 

1.27  (0.14) 

0.98  (0.01) 

1.29  (0.14) 

0.98  (0.00) 

1.31  (0.14) 

0.98  (0.00) 

p 

0.98  (0.11) 

0.96  (0.01) 

0.95  (0.11) 

0.97  (0.01) 

0.93  (0.11) 

0.97  (0.01) 

0.01154 

0.01146 

0.01137 

(d) 

n=0.35+0.241og(A.)-0.007k 

i=0.56+1.561og(X)-0.027k 

n=0.35+0.251og(X)-0.006k 

i=0.60+1.681og(X)-0.022k 

n=0.35+0.251og(A.)-0.005k 

i=0.63+1.801og(A)-0.017k 

y 

2.18  (0.24) 

1.00  (0.00) 

2.18  (0.24) 

1.00  (0.00) 

2.18  (0.24) 

1.00  (0.00) 

C 

0.67  (0.10) 

0.88  (0.03) 

0.65  (0.10) 

0.88  (0.03) 

0.62  (0.08) 

0.88  (0.03) 

i 

8.42  (0.92) 

0.98  (0.00) 

7.22  (0.78) 

0.99  (0.00) 

6.25  (0.64) 

0.99  (0.00) 

: k 

0.60  (0.10) 

0.05  (0.06) 

0.58  (0.10) 

0.04  (0.06) 

0.55  (0.09) 

0.04  (0.06) 

n 

1.17  (0.13) 

0.98  (0.00) 

1.19  (0.13) 

0.98  (0.01) 

1.21  (0.12) 

0.99  (0.00) 

P 

1.05  (0.12) 

0.98  (0.00) 

1.03  (0.12) 

0.98  (0.00) 

1.01  (0.11) 

0.98  (0.00) 

oz 

0.01200 

0.01193 

0.01185 

(d) 

n=O.33+0.221og(A.)-0.005k 
i=0.48+ 1 ,421og(X)-0.020k 

n=0.33+0.221og(A.)-0.005k 

i=0.51+1.531og(A.)-0.015k 

n=0.33+0.231og(A.)-0.004k 
i=0.54+1.651og(X)-0.01  lk 

y 

2.18  (0.24) 

1.00  (0.00) 

2.18  (0.24) 

1.00  (0.00) 

2.18  (0.24) 

1.00  (0.00) 

C 

0.73  (0.10) 

0.92  (0.02) 

0.71  (0.10) 

0.92  (0.02) 

0.68  (0.10) 

0.92  (0.02) 

i 

8.09  (0.88) 

0.99  (0.00) 

6.95  (0.75) 

0.99  (0.00) 

6.03  (0.64) 

0.99  (0.00) 

k 

0.58  (0.10) 

0.04  (0.06) 

0.56  (0.09) 

0.03  (0.06) 

0.54  (0.09) 

0.03  (0.06) 

n 

1.11  (0.12) 

0.98  (0.00) 

1.13  (0.12) 

0.99  (0.00) 

1.14  (0.12) 

0.99  (0.00) 

P 

1.10  (0.12) 

0.98  (0.00) 

1.08  (0.12) 

0.99  (0.00) 

1.06  (0.12) 

0.99  (0.00) 

0.01231 

0.01224 

0.01217 

(d) 

n=0.32+0.201og(A.)-0.004k 

i=0.42+1.331og(X)-0.015k 

n=0.32+0.201og(A,)-0.004k 
i=0.45+ 1 .431og(X)-0.0 1 1 k 

n=0. 32+0.2 1 log(  X)-0.003k 
i=0.48+1.551og(X)-0.007k 

M=1.5 


u=2 


Column  (a)  are  the  standard  deviations  of  the  variables. 

Column  (b)  are  the  correlations  of  the  variables  with  output. 

Row  (d)  are  the  decision  rules. 

Within  the  ( ) are  the  sample  standard  deviations  of  the  statistics. 

n*  is  the  steady  state  working  hours,  p is  the  productivity  (output  divided  by  hours). 
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Table  3.8 

Results  of  Simulations 


n*=0.275. 

, 9=0.40. 

y=0.925 

5=0.0225 
r|  =0.33315 
(a) 

(3=0-98 

(b) 

5=0.025  (3=0.985 

ri  =0.32205 

(a)  (b) 

5=0.0275 

11=0.30903 

(a) 

(3=0.99 

(b) 

y 

c 

u=0.5  k 
n 
P 

2.18  (0.24) 
0.59  (0.10) 
9.49  (1.07) 
0.68  (0.12) 
1.37  (0.15) 
0.91  (0.11) 

1.00  (0.00) 
0.61  (0.07) 
0.98  (0.01) 
0.10  (0.06) 
0.97  (0.01) 
0.94  (0.01) 

2.18  (0.24) 
0.55  (0.10) 
8.08  (0.89) 
0.65  (0.11) 
1.39  (0.15) 
0.88  (0.11) 

1.00  (0.00) 
0.58  (0.08) 
0.98  (0.00) 
0.09  (0.06) 
0.97  (0.01) 
0.94  (0.01) 

2.18  (0.24) 
0.51  (0.09) 
6.96  (0.76) 
0.62  (0.11) 
1.41  (0.15) 
0.85  (0.10) 

1.00  (0.00) 
0.55  (0.10) 
0.98  (0.00) 
0.08  (0.06) 
0.98  (0.01) 
0.94  (0.01) 

<*' 

(d) 

0.01092 

n=0.38+0.271og(X)-0.009k 

i=0.70+1.731og(X)-0.039k 

0.01083 

n=0.37+0.281og(X)-0.008k 

i=0.73+1.861og(X)-0.033k 

0.01073 

n=0.37+0.291og(X)-0.007k 

i=0.77+2.001og(X)-0.027k 

y 

c 

i 

p=l  k 
n 
P 

2.18  (0.24) 
0.66  (0.11) 
8.67  (0.97) 
0.63  (0.11) 
1.22  (0.13) 
1.03  (0.12) 

1.00  (0.00) 
0.83  (0.04) 
0.98  (0.00) 
0.08  (0.06) 
0.98  (0.01) 
0.97  (0.01) 

2.18  (0.24) 
0.63  (0.10) 
7.42  (0.81) 
0.61  (0.10) 
1.23  (0.13) 
1.00  (0.11) 

1.00  (0.00) 
0.82  (0.05) 
0.98  (0.00) 
0.07  (0.06) 
0.98  (0.00) 
0.97  (0.01) 

2.18  (0.24) 
0.60  (0.10) 
6.42  (0.70) 
0.58  (0.10) 
1.25  (0.14) 
0.98  (0.11) 

1.00  (0.00) 
0.81  (0.05) 
0.99  (0.00) 
0.06  (0.06) 
0.98  (0.00) 
0.97  (0.01) 

a* 

(d) 

0.01167 

n=0.35+0.231og(X)-0.007k 

i=0.56+1.491og(X)-0.027k 

0.01159 

n=0.35+0.231og(X)-0.006k 
i=0.59+  1.601og(X)-0.022k 

0.01150 

n=0.35+0.241og(X)-0.005k 

i=0.63+1.721og(X)-0.017k 

y 

c 

u=  1 .5  k 
n 
P 

2.18  (0.24) 
0.74  (0.11) 
8.17  (0.91) 
0.60  (0.10) 
1.12  (0.12) 
1.10  (0.12) 

1.00  (0.00) 
0.90  (0.03) 
0.98  (0.01) 
0.06  (0.06) 
0.98  (0.00) 
0.98  (0.00) 

2.18  (0.24) 
0.71  (0.11) 
7.02  (0.77) 
0.58  (0.10) 
1.14  (0.12) 
1.08  (0.12) 

1.00  (0.00) 
0.90  (0.03) 
0.99  (0.00) 
0.05  (0.06) 
0.98  (0.00) 
0.98  (0.00) 

2.18  (0.24) 
0.68  (0.11) 
6.09  (0.66) 
0.56  (0.09) 
1.16  (0.13) 
1.06  (0.12) 

1.00  (0.00) 
0.90  (0.03) 
0.99  (0.00) 
0.05  (0.06) 
0.99  (0.00) 
0.98  (0.00) 

<*e 

(d) 

0.01213 

n=0.33+0.201og(X)-0.005k 

i=0.48+1.351og(X)-0.020k 

0.01205 

n=0.33+0.211og(X)-0.005k 
i=0.51  + 1.451og(X)-0.015k 

0.01197 

n=0. 33+0.2 1 log(X)-0.004k 
i=0.54+1.571og(X)-0.01  lk 

y 

c 

p=2  k 
n 
P 

2.18  (0.24) 
0.80  (0.12) 
7.83  (0.87) 
0.58  (0.10) 
1.06  (0.12) 
1.15  (0.13) 

1.00  (0.00) 
0.94  (0.02) 
0.98  (0.00) 
0.05  (0.06) 
0.98  (0.00) 
0.99  (0.00) 

2.18  (0.24) 
0.77  (0.12) 
6.75  (0.74) 
0.56  (0.09) 
1.08  (0.12) 
1.13  (0.12) 

1.00  (0.00) 
0.93  (0.02) 
0.99  (0.00) 
0.04  (0.06) 
0.99  (0.00) 
0.99  (0.00) 

2.18  (0.24) 
0.75  (0.12) 
5.87  (0.64) 
0.54  (0.09) 
1.09  (0.12) 
1.11  (0.12) 

1.00  (0.00) 
0.93  (0.02) 
0.99  (0.00) 
0.04  (0.06) 
0.99  (0.00) 
0.99  (0.00) 

(d) 

0.01243 

n=0.32+0. 191og(X)-0.004k 
i=0.42+1.261og(X)-0.015k 

0.01237 

n=0.32+0. 1 91og(X)-0.004k 
i=0.45+1.361og(X)-0.011k 

0.01229 

n=0.32+0.201og(X)-0.003k 

i=0.48+1.481og(X)-0.007k 

Column  (a)  are  the  mean  values  of  standard  deviations  of  the  variables. 

Column  (b)  are  the  mean  values  of  correlations  of  the  variables  with  output. 

Row  (d)  are  the  decision  rules. 

Wthin  the  ( ) are  the  sample  standard  deviations  of  the  statistics. 

n*  is  the  steady  state  working  hours,  p is  the  productivity  (output  divided  by  hours). 
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Table  3.9 

Results  of  Simulations 


n*=0.275,  9=0.40,  y=0.95 


5=0.0225 
ri  =0.33315 
(a) 

P=0.98 

(b) 

5=0.025  | 

r|  =0.32205 

(a) 

3=0.985 

(b) 

5=0.0275 
ti  =0.30903 
(a) 

P=0.99 

(b) 

y 

c 

p=0.5  k 
n 
P 

2.18  (0.24) 
0.65  (0.11) 
9.13  (1.05) 
0.67  (0.11) 
1.29  (0.14) 
0.98  (0.12) 

1.00  (0.00) 
0.70  (0.08) 
0.97  (0.01) 
0.11  (0.06) 
0.97  (0.01) 
0.95  (0.10) 

2.18  (0.24) 
0.62  (0.11) 
7.78  (0.87) 
0.65  (0.11) 
1.31  (0.14) 
0.95  (0.11) 

1.00  (0.00) 
0.69  (0.09) 
0.98  (0.01) 
0.10  (0.06) 
0.97  (0.01) 
0.95  (0.01) 

2.18  (0.24) 
0.58  (0.11) 
6.71  (0.74) 
0.62  (0.11) 
1.34  (0.15) 
0.92  (0.12) 

1.00  (0.00) 
0.67  (0.10) 
0.98  (0.00) 
0.09  (0.06) 
0.98  (0.01) 
0.95  (0.01) 

(d) 

0.01121 

n=0.38+0.251og(X)-0.009k 

i=0.70+1.611og(X)-0.039k 

0.01113 

n=0.37+0.261og(X)-0.008k 

i=0.73+1.731og(X)-0.033k 

0.01104 

n=0.37+0.261og(X)-0.007k 

i=0.77+1.861og(X)-0.027k 

y 

c 

i 

p=l  k 
n 
P 

2.18  (0.24) 
0.75  (0.12) 
8.30  (0.95) 
0.62  (0.11) 
1.14  (0.13) 
1.10  (0.13) 

1.00  (0.00) 
0.87  (0.04) 
0.98  (0.01) 
0.09  (0.06) 
0.97  (0.01) 
0.97  (0.00) 

2.18  (0.24) 
0.72  (0.12) 
7.12  (0.80) 
0.60  (0.10) 
1.16  (0.13) 
1.07  (0.12) 

1.00  (0.00) 
0.86  (0.04) 
0.98  (0.00) 
0.08  (0.06) 
0.98  (0.01) 
0.98  (0.00) 

2.18  (0.24) 
0.69  (0.12) 

6.18  (0.68) 
0.58  (0.10) 
1.18  (0.13) 
1.05  (0.12) 

1.00  (0.00) 
0.86  (0.05) 
0.99  (0.00) 
0.07  (0.06) 
0.98  (0.00) 
0.98  (0.00) 

(d) 

0.01196 

n=0. 35+0.2 1 log(X)-0.007k 
i=0.56+1.381og(X)-0.027k 

0.01188 

n=0.35+0.211og(X)-0.006k 

i=0.59+1.481og(X)-0.022k 

0.01180 

n=0.35+0.221og(X)-0.005k 
i=0.63+ 1.601og(X)-0.0 17k 

y 

c 

i 

p=1.5  k 
n 
P 

2.18  (0.24) 
0.83  (0.13) 
7.79  (0.90) 
0.59  (0.10) 
1.05  (0.11) 
1.17  (0.13) 

1.00  (0.00) 
0.93  (0.02) 
0.98  (0.00) 
0.07  (0.06) 
0.98  (0.01) 
0.98  (0.00) 

2.18  (0.24) 
0.81  (0.13) 
6.71  (0.76) 
0.57  (0.10) 
1.06  (0.12) 
1.15  (0.13) 

1.00  (0.00) 
0.92  (0.02) 
0.98  (0.00) 
0.06  (0.06) 
0.98  (0.00) 
0.98  (0.00) 

2.18  (0.24) 
0.78  (0.13) 
5.85  (0.65) 
0.55  (0.10) 
1.08  (0.12) 
1.13  (0.13) 

1.00  (0.00) 
0.92  (0.03) 
0.99  (0.00) 
0.05  (0.06) 
0.98  (0.00) 
0.99  (0.00) 

(d) 

0.01242 

n=0.33+0. 1 81og(A.)-0.005k 
i=0.48+1.251og(A.)-0.020k 

0.01235 

n=0.33+0. 191og(X)-0.005k 
i=0.51+1.351og(X)-0.015k 

0.01227 

n=0.33+0. 1 91og(X)-0.004k 
i=0.54+ 1 .461og(X)-0.0 1 1 k 

y 

c 

i 

p=2  k 
n 
P 

2.18  (0.24) 
0.90  (0.14) 
7.45  (0.86) 
0.57  (0.10) 
0.98  (0.11) 
1.23  (0.14) 

1.00  (0.00) 
0.95  (0.02) 
0.98  (0.00) 
0.06  (0.06) 
0.98  (0.00) 
0.99  (0.00) 

2.18  (0.24) 
0.88  (0.14) 
6.44  (0.73) 
0.55  (0.10) 
1.00  (0.11) 
1.21  (0.14) 

1.00  (0.00) 
0.95  (0.02) 
0.99  (0.00) 
0.05  (0.06) 
0.98  (0.00) 
0.99  (0.00) 

2.18  (0.24) 
0.85  (0.14) 
5.63  (0.63) 
0.53  (0.09) 
1.02  (0.11) 

1.19  (0.13) 

1.00  (0.00) 
0.95  (0.02) 
0.99  (0.00) 
0.04  (0.06) 
0.99  (0.00) 
0.99  (0.00) 

(d) 

0.01274 

n=0.32+0. 171og(X)-0.004k 
i=0.42+1.161og(X)-0.015k 

0.01267 

n =0.32+0. 171og(X)-0.004k 
i=0.45+1.261og(X)-0.01  lk 

0.01259 

n=0.32+0. 1 81og(X)-0.003k 
i=0.48+1.371og(X)-0.007k 

Column  (a)  are  the  standard  deviations  of  the  variables. 

Column  (b)  are  the  correlations  of  the  variables  with  output. 

Row  (d)  are  the  decision  rules. 

Within  the  ( ) are  the  sample  standard  deviations  of  the  statistics. 

n*  is  the  steady  state  worlong  hours,  p is  the  productivity  (output  divided  by  hours). 
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Table  3.10 

Results  of  Simulations 


n*=0.30 

, 9=0.36 

, 7=0.90 

5=0.0225 
ti  =0.352 
(a) 

[3=0.98 

(b) 

5=0.025  | 

T)  =0.3421 
(a) 

3=0.985 

(b) 

5=0.0275 
ti  =0.3304 
(a) 

(3=0.99 

(b) 

y 

c 

i 

.5  k 
n 
P 

2.18  (0.24) 
0.57  (0.10) 
10.74  (1.2) 
0.74  (0.12) 
1.35  (0.15) 
0.93  (0.11) 

1.00  (0.00) 
0.55  (0.06) 
0.97  (0.01) 
0.10  (0.06) 
0.97  (0.01) 
0.94  (0.01) 

2.18  (0.24) 
0.53  (0.09) 
9.14  (1.01) 
0.71  (0.12) 
1.37  (0.15) 
0.90  (0.11) 

1.00  (0.00) 
0.51  (0.07) 
0.98  (0.01) 
0.09  (0.06) 
0.97  (0.01) 
0.94  (0.01) 

2.18  (0.24) 
0.49  (0.09) 
7.85  (0.85) 
0.67  (0.11) 
1.40  (0.15) 
0.87  (0.10) 

1.00  (0.00) 
0.47  (0.08) 
0.98  (0.01) 
0.08  (0.06) 
0.98  (0.01) 
0.94  (0.01) 

(d) 

0.01067 

n=0.4 1 +0. 3 1 log(A,)-0.0 1 3k 
i=0.59+1.481og(X)-0.048k 

0.01056 

n=0.41+0.311og(A.)-0.012k 

i=0.61+1.581og(X)-0.042k 

0.01045 

n=0.4 1 +0.321og(A.)-0.0 10k 
i=0.64+  1.691og(X)-0.035k 

y 

c 

i 

k 

n 

P 

2.18  (0.24) 
0.64  (0.10) 
9,75  (1.09) 
0.68  (0.11) 
1.20  (0.13) 
1.04  (0.12) 

1.00  (0.00) 
0.81  (0.04) 
0.98  (0.01) 
0.07  (0.06) 
0.98  (0.01) 
0.97  (0.01) 

2.18  (0.24) 
0.60  (0.09) 
8.33  (0.91) 
0.66  (0.11) 
1.22  (0.13) 
1.02  (0.12) 

1.00  (0.00) 
0.80  (0.04) 
0.98  (0.01) 
0.07  (0.06) 
0.98  (0.01) 
0.97  (0.01) 

2.18  (0.24) 
0.57  (0.09) 

7.19  (0.78) 
0.63  (0.11) 
1.24  (0.13) 
0.99  (0.11) 

1.00  (0.00) 
0.79  (0.04) 
0.99  (0.01) 
0.06  (0.06) 
0.98  (0.01) 
0.97  (0.01) 

(d) 

0.01147 

n=0.38+0.251og(X)-0.010k 
i=0.47+ 1 . 261og(X)-0.034k 

0.01138 

n=0.38+0.261og(X)-0.009k 
i=0.49+ 1.341og(X)-0.028k 

0.01129 

n=0.38+0.271og(A.)-0.008k 

i=0.52+1.431og(A.)-0.023k 

y 

c 

i 

.5  k 
n 
P 

2.18  (0.24) 
0.71  (0.10) 
9.17  (1.02) 
0.65  (0.11) 
1.11  (0.12) 
1.11  (0.12) 

1.00  (0.00) 
0.90  (0.02) 
0.98  (0.01) 
0.06  (0.06) 
0.98  (0.01) 
0.98  (0.01) 

2.18  (0.24) 
0.68  (0.10) 
7.86  (0.85) 
0.62  (0.10) 
1.13  (0.12) 
1.09  (0.12) 

1.00  (0.00) 
0.90  (0.02) 
0.99  (0.01) 
0.05  (0.06) 
0.98  (0.01) 
0.98  (0.01) 

2.18  (0.24) 
0.65  (0.10) 
6.81  (0.73) 
0.60  (0.10) 
1.14  (0.12) 
1.07  (0.12) 

1.00  (0.00) 
0.90  (0.03) 
0.99  (0.01) 
0.04  (0.06) 
0.99  (0.00) 
0.98  (0.00) 

(d) 

0.01194 

n=0.36+0.221og(A.)-0.008k 
i=0.40+l . 141og(A)-0.025k 

0.01187 

n=0.36+0.231og(A.)-0.007k 
i=0.42+ 1.21  log(A)-0.020k 

0.01178 

n=0.36+0.231og(A.)-0.006k 
i=0.44+ 1 ,301og(A.)-0.0 1 6k 

y 

c 

i 

k 

n 

P 

2.18  (0.24) 
0.76  (0.11) 
8.80  (0.97) 
0.63  (0.10) 
1.05  (0.11) 
1.16  (0.13) 

1.00  (0.00) 
0.93  (0.02) 
0.98  (0.01) 
0.05  (0.06) 
0.98  (0.01) 
0.99  (0.01) 

2.18  (0.24) 
0.74  (0.10) 
7.56  (0.82) 
0.60  (0.10) 
1.07  (0.12) 
1.14  (0.13) 

1.00  (0.00) 
0.93  (0.02) 
0.99  (0.01) 
0.04  (0.06) 
0.99  (0.00) 
0.99  (0.00) 

2.18  (0.24) 
0.71  (0.10) 
6.56  (0.70) 
0.58  (0.10) 
1.08  (0.12) 
1.12  (0.12) 

1.00  (0.00) 
0.93  (0.02) 
0.99  (0.00) 
0.03  (0.06) 
0.99  (0.00) 
0.99  (0.00) 

(d) 

0.01226 

n=0.35+0.211og(A.)-0.006k 

i=0.35+1.061og(X)-0.019k 

0.01219 

n =0.35+0. 2 1 log(X)-0.006k 
i=0.37+l.  141og(/.)-0.015k 

0.01211 

n=0.35+0.221og(A.)-0.005k 
i=0.39+1.221og(A,)-0.01  lk 

Column  (a)  are  the  standard  deviations  of  the  variables. 

Column  (b)  are  the  correlations  of  the  variables  with  output. 

Row  (d)  are  the  decision  rules. 

Within  the  ( ) are  the  sample  standard  deviations  of  the  statistics. 

n*  is  the  steady  state  working  hours,  p is  the  productivity  (output  divided  by  hours). 
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Table  3.11 

Results  of  Simulations 


n*=0.30  , 6=0.36  , y=0.925 


fi=l 


5=0.0225 

(3=0.98 

5=0.025 

(3=0.985 

5=0.0275 

(3=0.99 

r|  =0.352 

I)  =0.3421 

T)  =0.3304 

(a) 

(b) 

(a) 

(b) 

(a) 

(b) 

y 

2.18  (0.24) 

1.00  (0.00) 

2.18  (0.24) 

1.00  (0.00) 

2.18  (0.24) 

1.00  (0.00) 

c 

0.62  (0.10) 

0.63  (0.06) 

0.58  (0.10) 

0.61  (0.07) 

0.54  (0.10) 

0.58  (0.08) 

i 

10.42  (1.2) 

0.97  (0.01) 

8,87  (0.99) 

0.98  (0.01) 

7.64  (0.84) 

0.98  (0.00) 

5 k 

0.74  (0.12) 

0.11  (0.06) 

0.71  (0.12) 

0.10  (0.06) 

0.68  (0.11) 

0.09  (0.06) 

n 

1.30  (0.14) 

0.97  (0.01) 

1.32  (0.14) 

0.97  (0.01) 

1.34  (0.15) 

0.98  (0.01) 

P 

0.98  (0.12) 

0.94  (0.01) 

0.95  (0.11) 

0.95  (0.01) 

0.92  (0.11) 

0.95  (0.01) 

Ot 

0.01083 

0.01073 

0.01062 

(d) 

n=0.4 1 +0.291og(A.)-0.0 1 3k 
i=0.59+ 1 .401og(X)-0.048k 

n=0.4 1 +0.291og(A.)-0.0 1 2k 
i=0.61  + 1.50Iog(X)-0.042k 

n=0.4 1 +0.301og(X)-0.0 1 0k 
i=0.64+1.601og(A.)-0.035k 

y 

2.18  (0.24) 

1.00  (0.00) 

2.18  (0.24) 

1.00  (0.00) 

2.18  (0.24) 

1.00  (0.00) 

c 

0.70  (0.11) 

0.84  (0.03) 

0.67  (0.10) 

0.84  (0.04) 

0.63  (0.10) 

0.83  (0.04) 

i 

9.44  (1.06) 

0.98  (0.01) 

8.08  (0.89) 

0.98  (0.01) 

6.99  (0.76) 

0.99  (0.00) 

k 

0.68  (0.12) 

0.09  (0.06) 

0.65  (0.11) 

0.08  (0.06) 

0.63  (0.11) 

0.07  (0.06) 

n 

1.15  (0.13) 

0.98  (0.01) 

1.16  (0.13) 

0.98  (0.01) 

1.18  (0.13) 

0.98  (0.01) 

P 

1.09  (0.13) 

0.97  (0.01) 

1.07  (0.12) 

0.97  (0.01) 

1.04  (0.12) 

0.98  (0.01) 

0.01162 

0.01153 

0.01144 

(d) 

n=0.38+0.241og(X)-0.010k 
1=0.47+1. 191og(X)-0.034k 

n=0.38+0.241og(A.)-0.009k 
i=0.49+ 1 .271og(A.)-0.028k 

n=0.38+0.251og(X)-0.008k 

i=0.52+1.361og(A.)-0.023k 

y 

2.18  (0.24) 

1.00  (0.00) 

2.18  (0.24) 

1.00  (0.00) 

2.18  (0.24) 

1.00  (0.00) 

c 

0.77  (0.11) 

0.91  (0.02) 

0.75  (0.11) 

0.91  (0.02) 

0.72  (0.11) 

0.91  (0.02) 

i 

8.87  (1.00) 

0.98  (0.01) 

7.62  (0.84) 

0.98  (0.01) 

6.61  (0.72) 

0.99  (0.00) 

5 k 

0.65  (0.11) 

0.07  (0.06) 

0.62  (0.11) 

0.06  (0.06) 

0.60  (0.10) 

0.05  (0.06) 

n 

1.06  (0.12) 

0.98  (0.01) 

1.07  (0.12) 

0.98  (0.01) 

1.09  (0.12) 

0.98  (0.01) 

p 

1.16  (0.13) 

0.98  (0.00) 

1.14  (0.13) 

0.98  (0.00) 

1.12  (0.13) 

0.99  (0.00) 

0.01209 

0.01201 

0.01193 

(d) 

n=0.36+0.211og(A.)-0.008k 
i=0.40+ 1 ,071og(A)-0.025k 

n=0. 36+0.2 1 log(\)-0.007k 
i=0.42+ 1 . 1 51og(A)-0.020k 

n=0.36+0.221og0.)-0.006k 

i=0.44+1.241og(/O-0.016k 

y 

2.18  (0.24) 

1.00  (0.00) 

2.18  (0.24) 

1.00  (0.00) 

2.18  (0.24) 

1.00  (0.00) 

c 

0.83  (0.12) 

0.94  (0.01) 

0.81  (0.12) 

0.94  (0.02) 

0.78  (0.12) 

0.94  (0.02) 

i 

8.50  (0.95) 

0.98  (0.01) 

7.32  (0.80) 

0.98  (0.00) 

6.37  (0.69) 

0.99  (0.00) 

k 

0.62  (0.11) 

0.06  (0.06) 

0.60  (0.10) 

0.05  (0.08) 

0.58  (0.10) 

0.04  (0.06) 

n 

1.00  (0.11) 

0.98  (0.01) 

1.01  (0.11) 

0.98  (0.01) 

1.03  (0.11) 

0.99  (0.00) 

p 

1.21  (0.14) 

0.99  (0.00) 

1.19  (0.13) 

0.99  (0.00) 

1.17  (0.13) 

0.99  (0.00) 

0.01240 

0.01233 

0.01248 

(d) 

n =0.35+0. 1 91og(\)-0.007k 
i=0.35+1.001og(X)-0.019k 

n=0.35+0.201og(X)-0.006k 

i=0.37+1.081og(X)-0.015k 

n=0.35+0.201og(\)-0.005k 
i=0.39+l . 1 61og(X)-0.0 1 lk 

u=1.5 


p=2 


Column  (a)  are  the  standard  deviations  of  the  variables. 


Column  (b)  are  the  correlations  of  the  variables  with  output. 

Row  (d)  are  the  decision  rules. 

Within  the  ( ) are  the  standard  deviations  of  the  statistics. 

n*  is  the  steady  state  working  hours,  p is  the  productivity  (output  divided  by  hours). 
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Table  3.12 

Results  of  Simulations 


n*=0.30 

. 0=0.36 

, y=0.95 

8=0.0225 

11=0.352 

(a) 

(3=0.98 

(b) 

5=0.025 
ri  =0.3421 

(a) 

[3=0.985 

(b) 

5=0.0275 
r|  =0.3304 
(a) 

(3=0.99 

(b) 

y 

c 

p=0.5  k 
n 
P 

2.18  (0.24) 
0.69  (0.12) 
9.97  (1.15) 
0.72  (0.12) 
1.22  (0.13) 
1.05  (0.12) 

1.00  (0.00) 
0.73  (0.06) 
0.97  (0.01) 
0.12  (0.06) 
0.97  (0.01) 
0.95  (0.01) 

2.18  (0.24) 
0.65  (0.11) 
8.50  (0.96) 
0.70  (0.12) 
1.24  (0.14) 
1.02  (0.12) 

1.00  (0.00) 
0.71  (0.07) 
0.98  (0.01) 
0.11  (0.06) 
0.97  (0.01) 
0.96  (0.01) 

2.18  (0.24) 
0.61  (0.11) 
7.33  (0.81) 
0.67  (0.11) 
1.26  (0.14) 
0.99  (0.12) 

1.00  (0.00) 
0.70  (0.08) 
0.98  (0.01) 
0.10  (0.06) 
0.97  (0.01) 
0.96  (0.01) 

ar  0.01115  0.01106  0.01096 

(d)  n=0.4 1 +0.261og(A.)-0.0 1 3k  n=0.41+0.271og(>.)-0.012k  n=0.41+0.271og(X)-0.010k 

i =0.59+1. 301og(X)-0.048k  i=0.61+1.381og(X)-0.042k  i =0.64+1.481og(X)-0.035k 


y 

2.18  (0.24) 

1.00  (0.00) 

2.18  (0.24) 

1.00  (0.00) 

2.18  (0.24) 

1.00  (0.00) 

c 

0.79  (0.12) 

0.88  (0.03) 

0.76  (0.12) 

0.88  (0.03) 

0.73  (0.12) 

0.88  (0.04) 

i 

9.00  (1.04) 

0.97  (0.01) 

7.72  (0.87) 

0.98  (0.01) 

6.69  (0.74) 

0.98  (0.01) 

k 

0.67  (0.11) 

0.10  (0.06) 

0.64  (0.11) 

0.09  (0.06) 

0.62  (0.11) 

0.08  (0.06) 

n 

1.07  (0.12) 

0.97  (0.01) 

1.09  (0.12) 

0.98  (0.01) 

1.11  (0.12) 

0.98  (0.01) 

P 

1.16  (0.13) 

0.98  (0.01) 

1.14  (0.13) 

0.98  (0.01) 

1.12  (0.13) 

0.98  (0.01) 

aE  0.01194  0.01186  0.01177 

(d)  n=0.38+0.211og(A.)-0.010k  n=0.38+0.221og(X,)-0.009k  n=0.38+0.221og(X)-0.008k 

i =0.47+1 ,091og(X)-0.034k  i=0.49+ 1 . 171og(X)-0.028k  i=0.52+ 1 ,261og(X)-0.023k 


u=l 


y 

2.18  (0.24) 

1.00  (0.00) 

2.18  (0.24) 

1.00  (0.00) 

2.18  (0.24) 

1.00  (0.00) 

c 

0.87  (0.13) 

0.93  (0.02) 

0.85  (0.13) 

0.93  (0.02) 

0.82  (0.13) 

0.93  (0.02) 

i 

8.42  (0.97) 

0.98  (0.01) 

7.25  (0.82) 

0.98  (0.01) 

6.32  (0.70) 

0.99  (0.00) 

k 

0.63  (0.11) 

0.08  (0.06) 

0.61  (0.11) 

0.07  (0.06) 

0.59  (0.10) 

0.06  (0.06) 

n 

0.98  (0.11) 

0.98  (0.01) 

1.00  (0.11) 

0.98  (0.01) 

1.01  (0.11) 

0.98  (0.01) 

p 

1.24  (0.14) 

0.99  (0.00) 

1.22  (0.14) 

0.99  (0.00) 

1.20  (0.13) 

0.99  (0.00) 

aE  0.01241  0.01234  0.012226 

(d)  n=0.36+0. 191og(A.)-0.009k  n=0.36+0. 191og(A.)-0.007k  n=0.36+0.201og(^)-0.006k 

i=0.40+0.981og(X)-0.025k  i=0.42+ 1 ,061og(X)-0.020k  i=0.44+ 1 . 141og(X)-0.0 1 6k 


y 

2.18 

(0.24) 

1.00 

(0.00) 

2.18 

(0.24) 

1.00 

(0.00) 

2.18 

(0.24) 

1.00 

(0.00) 

c 

0.93 

(0.14) 

0.96 

(0.01) 

0.91 

(0.14) 

0.96 

(0.01) 

0.89 

(0.14) 

0.95 

(0.01) 

i 

8.04 

(0.94) 

0.98 

(0.01) 

6.95 

(0.79) 

0.98 

(0.01) 

6.07 

(0.68) 

0.99 

(0.00) 

k 

0.61 

(0.10) 

0.06 

(0.06) 

0.59 

(0.10) 

0.06 

(0.06) 

0.57 

(0.10) 

0.05 

(0.06) 

n 

0.92 

(0.10) 

0.98 

(0.01) 

0.94 

(0.10) 

0.98 

(0.01) 

0.95 

(0.10) 

0.98 

(0.01) 

p 

1.29 

(0.14) 

0.99 

(0.00) 

1.27 

(0.14) 

0.99 

(0.00) 

1.25 

(0.14) 

0.99 

(0.00) 

aE  0.01273  0.01266  0.01258 

(d)  n =0.35+0. 171og(A,)-0.007k  n=0.35+0.181og(A.)-0.006k  n=0.35+0.181og(>.)-0.005k 

i=0.35+0.921og(X)-0.0 1 9k  i=0.37+0.991og(X)-0.015k  i=0.39+1.071og(X)-0.01  lk 


Column  (a)  are  the  standard  deviations  of  the  variables. 

Column  (b)  are  the  correlations  of  the  variables  with  output. 

Row  (d)  are  the  decision  rules. 

Within  the  ()  are  the  standard  deviations  of  the  statistics. 

n*  is  the  steady  state  working  hours,  p is  the  productivity  (output  divided  by  hours). 
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Table  3.13 

Results  of  Simulations 


n*=0.30 

, 0=0.38 

, -f=0.90 

5=0.0225 

ti=0.357 

(a) 

(3=0.98 

(b) 

5=0.025 
r|  =0.346 
(a) 

(3=0.985 

(b) 

5=0.0275 

ti=0.333 

(a) 

(3=0.99 

(b) 

y 

c 

p=0.5  k 
n 
P 

2.18  (0.24) 
0.56  (0.10) 
10.24  (1.2) 
0.71  (0.12) 
1.36  (0.15) 
0.92  (0.11) 

1.00  (0.00) 
0.52  (0.06) 
0.98  (0.01) 
0.10  (0.06) 
0.97  (0.01) 
0.94  (0.01) 

2.18  (0.24) 
0.52  (0.09) 
8.72  (0.96) 
0.68  (0.11) 
1.39  (0.15) 
0.89  (0.11) 

1.00  (0.00) 
0.49  (0.07) 
0.98  (0.01) 
0.08  (0.06) 
0.98  (0.01) 
0.94  (0.01) 

2.18  (0.24) 
0.48  (0.08) 
7.49  (0.81) 
0.65  (0.11) 
1.41  (0.15) 
0.85  (0.10) 

1.00  (0.00) 
0.44  (0.09) 
0.98  (0.00) 
0.07  (0.06) 
0.98  (0.01) 
0.94  (0.01) 

(d) 

0.01082 

n=0.4 1+0.31  log(A.)-0.0 1 1 k 
i=0.66+1.701og(X)-0.043k 

0.01072 

n=0.4 1 +0. 3 1 log(X.)-0.0 1 0k 
i=0.70+1.811og(X)-0.037k 

0.01061 

n=0.40+0.321og(A.)-0.008k 

i=0.73+1.941og(X)-0.031k 

y 

c 

p=l  k 
n 
P 

2.18  (0.24) 
0.62  (0.10) 
9.31  (1.03) 
0.65  (0.11) 
1.21  (0.13) 
1.03  (0.12) 

1.00  (0.00) 
0.80  (0.04) 
0.98  (0.01) 
0.07  (0.06) 
0.98  (0.01) 
0.97  (0.01) 

2.18  (0.24) 
0.59  (0.09) 
7.96  (0.87) 
0.63  (0.11) 
1.23  (0.13) 
1.01  (0.11) 

1.00  (0.00) 
0.79  (0.04) 
0.98  (0.00) 
0.06  (0.06) 
0.98  (0.01) 
0.97  (0.01) 

2.18  (0.24) 
0.55  (0.09) 
6.87  (0.74) 
0.60  (0.10) 
1.25  (0.14) 
0.98  (0.11) 

1.00  (0.00) 
0.78  (0.05) 
0.99  (0.00) 
0.05  (0.06) 
0.98  (0.01) 
0.97  (0.01) 

(d) 

0.01161 

n=0.38+0.251og(A.)-0.008k 

i=0.53+1.441og(X)-0.030k 

0.01153 

n=0.38+0.261og0.)-0.007k 

i=0.56+1.541og(X)-0.025k 

0.01144 

n=0.38+0.261og(X)-0.006k 

i=0.59+1.651og(X)-0.019k 

y 

c 

p=l .5  k 
n 
P 

2.18  (0.24) 
0.69  (0.10) 
8.76  (0.96) 
0.62  (0.10) 
1.12  (0.12) 
1.10  (0.12) 

1.00  (0.00) 
0.89  (0.02) 
0.98  (0.00) 
0.05  (0.06) 
0.98  (0.01) 
0.98  (0.00) 

2.18  (0.24) 
0.66  (0.10) 
7.52  (0.81) 
0.60  (0.10) 
1.14  (0.12) 
1.08  (0.12) 

1.00  (0.00) 
0.89  (0.03) 
0.99  (0.00) 
0.05  (0.06) 
0.98  (0.00) 
0.98  (0.00) 

2.18  (0.24) 
0.64  (0.10) 
6.51  (0.70) 
0.57  (0.10) 
1.15  (0.12) 
1.06  (0.12) 

1.00  (0.00) 
0.89  (0.03) 
0.99  (0.00) 
0.04  (0.06) 
0.99  (0.00) 
0.98  (0.00) 

(d) 

0.01208 

n=0.36+0.221og(X)-0.006k 
i=0.45+ 1.31  log(X)-0.022k 

0.01201 

n=0.36+0.231og(A.)-0.006k 
i=0.48+ 1.401og(X)-0.0 17k 

0.01193 

n=0.36+0.231og(X)-0.005k 
i=0.50+ 1 .5 1 log(X)-0.0 1 3k 

y 

c 

p=2  k 
n 
P 

2.18  (0.24) 
0.75  (0.10) 
8.41  (0.92) 
0.60  (0.10) 
1.06  (0.11) 
1.15  (0.13) 

1.00  (0.00) 
0.93  (0.02) 
0.99  (0.00) 
0.04  (0.06) 
0.99  (0.00) 
0.99  (0.00) 

2.18  (0.24) 
0.72  (0.10) 
7.23  (0.78) 
0.58  (0.10) 
1.07  (0.12) 
1.13  (0.12) 

1.00  (0.00) 
0.93  (0.02) 
0.99  (0.00) 
0.03  (0.06) 
0.99  (0.00) 
0.99  (0.00) 

2.18  (0.24) 
0.70  (0.10) 
6.27  (0.67) 
0.56  (0.10) 
1.09  (0.12) 
1.12  (0.12) 

1.00  (0.00) 
0.93  (0.02) 
0.99  (0.00) 
0.03  (0.06) 
0.99  (0.00) 
0.99  (0.00) 

(d) 

0.01239 

n=0.35+0.211og(A.)-0.005k 
i=0.39+ 1 ,231og(X)-0.0 1 6k 

0.01232 

n=0.35+0.21Iog(>.)-0.004k 

i=0.42+1.321og(X)-0.012k 

0.01225 

n=0.35+0.221og(X)-0.004k 
i=0.45+ 1 .4 1 log(X)-0.008k 

Column  (a)  are  the  standard  deviations  of  the  variables. 

Column  (b)  are  the  correlations  of  the  variables  with  output. 

Row  (d)  are  the  decision  rules. 

Within  the  ( ) are  the  standard  deviations  of  the  statistics. 

n*  is  the  steady  state  working  hours,  p is  the  productivity  (output  divided  by  hours). 
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Table  3.14 

Results  of  Simulations 


n*=0.30  , 9=0.38  , Y=0.925 


p=0.5 


M=1 


4=1.5 


4=2 


5=0.0225 

(3=0.98 

5=0.025 

(3=0.985 

5=0.0275 

[3=0-99 

t|  =0.357 

ri  =0.346 

p =0.333 

(a) 

(b) 

(a) 

(b) 

(a) 

(b) 

y 

2.18  (0.24) 

1.00  (0.00) 

2.18  (0.24) 

1.00  (0.00) 

2.18  (0.24) 

1.00  (0.00) 

c 

0.60  (0.10) 

0.61  (0.07) 

0.56  (0.10) 

0.69  (0.08) 

0.53  (0.09) 

0.55  (0.09) 

i 

9.96  (1.13) 

0.97  (0.01) 

8.48  (0.94) 

0.98  (0.01) 

7.30  (0.80) 

0.98  (0.00) 

k 

0.71  (0.12) 

0.11  (0.06) 

0.68  (0.11) 

0.10  (0.06) 

0.65  (0.11) 

0.08  (0.06) 

n 

1.31  (0.14) 

0.97  (0.01) 

1.33  (0.14) 

0.97  (0.01) 

1.36  (0.15) 

0.98  (0.01) 

P 

0.96  (0.12) 

0.94  (0.01) 

0.94  (0.11) 

0.95  (0.01) 

0.90  (0.11) 

0.95  (0.01) 

0.01097 

0.01087 

0.01076 

(d) 

n=0.4 1 +0.291og(X)-0.0 1 1 k 
i=0.67+ 1 .6 1 log(X)-0.043k 

n=0.4 1 +0.291og(A.)-0.0 1 0k 
i=0.70+1.721og(X)-0.037k 

n=0.40+0.301og(A.)-0.008k 
i=0.73+ 1 .851og(A.)-0.03 1 k 

y 

2.18  (0.24) 

1.00  (0.00) 

2.18  (0.24) 

1.00  (0.00) 

2.18  (0.24) 

1.00  (0.00) 

c 

0.68  (0.11) 

0.84  (0.04) 

0.65  (0.10) 

0.83  (0.04) 

0.62  (0.10) 

0.82  (0.05) 

i 

9.03  (1.01) 

0.98  (0.01) 

7.73  (0.85) 

0.98  (0.00) 

6.69  (0.73) 

0.99  (0.00) 

k 

0.66  (0.11) 

0.08  (0.06) 

0.63  (0.11) 

0.07  (0.06) 

0.60  (0.10) 

0.06  (0.06) 

n 

1.16  (0.13) 

0.98  (0.01) 

1.18  (0.13) 

0.98  (0.01) 

1.20  (0.13) 

0.98  (0.01) 

P 

1.08  (0.12) 

0.97  (0.01) 

1.06  (0.12) 

0.97  (0.01) 

1.03  (0.12) 

0.98  (0.01) 

0.01175 

0.01167 

0.01157 

(d) 

n=0.38+0.231og(A.)-0.008k 

i=0.53+1.361og(X)-0.030k 

n=0.38+0.241og(\)-0.007k 

i=0.56+1.471og(A.)-0.025k 

n=0.38+0.251og(A.)-0.006k 

i=0.59+1.581og(X)-0.020k 

y 

2.18  (0.24) 

1.00  (0.00) 

2.18  (0.24) 

1.00  (0.00) 

2.18  (0.24) 

1.00  (0.00) 

c 

0.76  (0.11) 

0.91  (0.02) 

0.73  (0.11) 

0.91  (0.03) 

0.70  (0.11) 

0.91  (0.03) 

i 

8.49  (0.95) 

0.98  (0.01) 

7.29  (0.80) 

0.99  (0.00) 

6.33  (0.69) 

0.99  (0.00) 

k 

0.62  (0.11) 

0.06  (0.06) 

0.60  (0.10) 

0.06  (0.06) 

0.58  (0.10) 

0.05  (0.06) 

n 

1.07  (0.12) 

0.98  (0.01) 

1.08  (0.12) 

0.98  (0.00) 

1.10  (0.12) 

0.98  (0.00) 

P 

1.15  (0.13) 

0.98  (0.00) 

1.13  (0.13) 

0.98  (0.00) 

1.11  (0.12) 

0.98  (0.00) 

0.01222 

0.01214 

0.01205 

(d) 

n=0.36+0.211og(A.)-0.006k 

i=0.45+1.241og(X.)-0.022k 

n=0.36+0.211og(A.)-0.005k 

i=0.47+1.331og(X)-0.017k 

n=0.36+0.221og(A.)-0.005k 
i=0.50+ 1 .431og(A.)-0.0 1 3k 

y 

2.18  (0.24) 

1.00  (0.00) 

2.18  (0.24) 

1.00  (0.00) 

2.18  (0.24) 

1.00  (0.00) 

C 

0.82  (0.12) 

0.94  (0.02) 

0.79  (0.12) 

0.94  (0.02) 

0.77  (0.12) 

0.94  (0.02) 

i 

8.13  (0.91) 

0.98  (0.00) 

7.01  (0.77) 

0.99  (0.00) 

6.10  (0.66) 

0.99  (0.00) 

k 

0.60  (0.10) 

0.05  (0.06) 

0.58  (0.10) 

0.05  (0.06) 

0.56  (0.10) 

0.04  (0.06) 

n 

1.01  (0.11) 

0.98  (0.00) 

1.02  (0.11) 

0.99  (0.00) 

1.04  (0.11) 

0.99  (0.00) 

P 

1.20  (0.13) 

0.99  (0.00) 

1.18  (0.13) 

0.99  (0.00) 

1.16  (0.13) 

0.99  (0.00) 

0.01252 

0.01245 

0.01237 

(d) 

n=0.35+0. 191og(A.)-0.005k 
i=0.39+ 1 . 1 61og(A.)-0.0 1 6k 

n=0.35+0.201og(A.)-0.004k 
i=0.42+ 1 . 251og(A)-0.0 1 2k 

n=0. 35+0. 201og(A.)-0. 004k 
i=0.45+1.351og(A.)-0.008k 

Column  (a)  are  the  standard  deviations  of  the  variables. 


Column  (b)  are  the  correlations  of  the  variables  with  output. 

Row  (d)  are  the  decision  rules. 

Within  the  ( ) are  the  standard  deviations  of  the  statistics. 

n*  is  the  steady  state  working  hours,  p is  the  productivity  (output  divided  by  hours). 
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Table  3.15 

Results  of  Simulations 


n*=0.30  , 9=0.38  , y=0.95 


5=0.0225 

(3=0-98 

5=0.025 

(3=0.985 

5=0.0275 

(3=0.99 

ri  =0.357 

11=0.346 

r|=0.333 

(a) 

(b) 

(a) 

(b) 

(a) 

(b) 

y 

2.18  (0.24) 

1.00  (0.00) 

2.18  (0.24) 

1.00  (0.00) 

2.18  (0.24) 

1.00  (0.00) 

c 

0.67  (0.12) 

0.71  (0.07) 

0.63  (0.11) 

0.69  (0.07) 

0.60  (0.11) 

0.67  (0.09) 

i 

9.56  (1.10) 

0.97  (0.01) 

8.15  (0.92) 

0.98  (0.01) 

7.02  (0.78) 

0.98  (0.00) 

5 k 

0.70  (0.12) 

0.12  (0.06) 

0.67  (0.11) 

0.11  (0.06) 

0.64  (0.11) 

0.09  (0.06) 

n 

1.24  (0.14) 

0.97  (0.01) 

1.26  (0.14) 

0.97  (0.01) 

1.28  (0.14) 

0.97  (0.01) 

P 

1.03  (0.12) 

0.95  (0.01) 

1.01  (0.12) 

0.96  (0.01) 

0.97  (0.12) 

0.96  (0.01) 

a, 

0.01126 

0.01118 

0.01108 

(d) 

n=0.41+0.261og(A)-0.01  lk 
i=0.67+1.501og(A)-0.043k 

n=0.41+0.271og(A.)-0.010k 

i=0.70+1.601og(A)-0.037k 

n=0.40+0.281og(A)-0.008k 
i=0.73+l. 7 llog(X)-0.03  lk 

y 

2.18  (0.24) 

1.00  (0.00) 

2.18  (0.24) 

1.00  (0.00) 

2.18  (0.24) 

1.00  (0.00) 

c 

0.77  (0.12) 

0.88  (0.03) 

0.74  (0.12) 

0.87  (0.04) 

0.71  (0.12) 

0.87  (0.04) 

i 

8.63  (0.99) 

0.98  (0.01) 

7.40  (0.83) 

0.98  (0.00) 

6.42  (0.71) 

0.99  (0.00) 

k 

0.64  (0.11) 

0.09  (0.06) 

0.62  (0.11) 

0.08  (0.06) 

0.60  (0.10) 

0.07  (0.06) 

n 

1.08  (0.12) 

0.97  (0.01) 

1.10  (0.12) 

0.98  (0.01) 

1.12  (0.12) 

0.98  (0.00) 

P 

1.15  (0.13) 

0.98  (0.00) 

1.13  (0.13) 

0.98  (0.00) 

1.10  (0.13) 

0.98  (0.00) 

0.01205 

0.01197 

0.01188 

(d) 

n=0.38+0.211og(A)-0.008k 

i=0.53+1.261og(X)-0.030k 

n=0.38+0.221og(A)-0.007k 

i=0.56+1.361og(A)-0.025k 

n=0.37+0.221og(A)-0.006k 

i=0.59+1.46Iog(A)-0.019k 

y 

2.18  (0.24) 

1.00  (0.00) 

2.18  (0.24) 

1.00  (0.00) 

2.18  (0.24) 

1.00  (0.00) 

c 

0.86  (0.13) 

0.93  (0.02) 

0.83  (0.13) 

0.93  (0.02) 

0.80  (0.13) 

0.93  (0.02) 

i 

8.07  (0.93) 

0.98  (0.01) 

6.96  (0.79) 

0.98  (0.00) 

6.06  (0.68) 

0.99  (0.00) 

5 k 

0.61  (0.10) 

0.07  (0.06) 

0.59  (0.10) 

0.07  (0.06) 

0.57  (0.10) 

0.06  (0.06) 

n 

0.99  (0.11) 

0.98  (0.00) 

1.01  (0.11) 

0.98  (0.00) 

1.03  (0.11) 

0.98  (0.00) 

P 

1.23  (0.14) 

0.99  (0.00) 

1.21  (0.14) 

0.99  (0.00) 

1.18  (0.13) 

0.99  (0.00) 

<JC 

0.01252 

0.01245 

0.01236 

(d) 

n=0. 36+0. 191og(A)-0. 006k 
i=0.45+l.  1421og(A)-0.022k 

n=0.36+0. 191og(A)-0.005k 
i=0.47+ 1 .231og(A)-0.0 17k 

n=0.36+0.201og(A)-0.005k 
i=0. 50+1. 331og(X)-0.0 13k 

y 

2.18  (0.24) 

1.00  (0.00) 

2.18  (0.24) 

1.00  (0.00) 

2.18  (0.24) 

1.00  (0.00) 

C 

0.92  (0.14) 

0.95  (0.01) 

0.90  (0.14) 

0.95  (0.02) 

0.87  (0.14) 

0.95  (0.02) 

i 

7.71  (0.90) 

0.98  (0.00) 

6.67  (0.76) 

0.99  (0.00) 

5.83  (0.65) 

0.99  (0.00) 

k 

0.59  (0.10) 

0.06  (0.06) 

0.57  (0.10) 

0.05  (0.06) 

0.55  (0.10) 

0.05  (0.06) 

n 

0.93  (0.10) 

0.98  (0.00) 

0.95  (0.10) 

0.98  (0.00) 

0.96  (0.11) 

0.99  (0.00) 

P 

1.28  (0.14) 

0.99  (0.00) 

1.26  (0.14) 

0.99  (0.00) 

1.24  (0.14) 

0.99  (0.00) 

<*e 

0.01284 

0.01277 

0.01268 

(d) 

n=0. 35+0. 171og(A.)-0. 005k 
i=0.39+1.061og(A.)-0.016k 

n=0.35+0. 1 81og(A)-0.004k 
i=0.42+ 1 . 1 51og(A)-0.0 1 2k 

n=0.35+0. 1 81og(A)-0.004k 
i=0.45+1.251og(A)-0.008k 

Column  (a)  are  the  standard  deviations  of  the  variables. 

Column  (b)  are  the  correlations  of  the  variables  with  output. 

Row  (d)  are  the  decision  rales. 

Within  the  ( ) are  the  standard  deviations  of  the  statistics. 

n*  is  the  steady  state  working  hours,  p is  the  productivity  (output  divided  by  hours). 
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Table  3.16 

Results  of  Simulations 


n*=0.30  , 6=0.40  , r=0-90 


u=0.5 


p=l 


M=1.5 


M=2 


5=0.0225 

(3=0.98 

5=0.025 

(3=0.985 

5=0.0275 

(3=0.99 

n=o.36i 

ri  =0.3495 

71=0.336 

(a) 

(b) 

(a) 

(b) 

(a) 

(b) 

y 

2.18  (0.24) 

1.00  (0.00) 

2.18  (0.24) 

1.00  (0.00) 

2.18  (0.24) 

1.00  (0.00) 

c 

0.54  (0.09) 

0.50  (0.07) 

0.51  (0.09) 

0.46  (0.08) 

0.47  (0.08) 

0.41  (0.09) 

i 

9.80  (1.09) 

0.98  (0.01) 

8.34  (0.91) 

0.98  (0.00) 

7.16  (0.77) 

0.99  (0.00) 

k 

0.68  (0.11) 

0.09  (0.06) 

0.65  (0.11) 

0.08  (0.06) 

0.62  (0.10) 

0.07  (0.06) 

n 

1.38  (0.15) 

0.97  (0.01) 

1.40  (0.15) 

0.98  (0.01) 

1.42  (0.15) 

0.98  (0.01) 

P 

0.90  (0.11) 

0.93  (0.01) 

0.87  (0.10) 

0.94  (0.01) 

0.84  (0.10) 

0.94  (0.01) 

ctE 

0.01097 

0.01088 

0.01078 

(d) 

n=0.4 1 +0. 301og(X)-0.009k 
i=0.76+1.961og(X)-0.039k 

n=0.40+0.311og(A.)-0.008k 

i=0.80+2.101og(X)-0.033k 

n=0.40+0.321og(A.)-0.007k 

i=0.84+2.251og(X)-0.027k 

y 

2.18  (0.24) 

1.00  (0.00) 

2.18  (0.24) 

1.00  (0.00) 

2.18  (0.24) 

1.00  (0.00) 

c 

0.61  (0.09) 

0.80  (0.04) 

0.58  (0.09) 

0.78  (0.05) 

0.54  (0.09) 

0.77  (0.05) 

i 

8.91  (0.98) 

0.98  (0.00) 

7.62  (0.83) 

0.98  (0.00) 

6.58  (0.71) 

0.99  (0.00) 

k 

0.63  (0.11) 

0.07  (0.06) 

0.60  (0.10) 

0.06  (0.06) 

0.58  (0.10) 

0.05  (0.06) 

n 

1.22  (0.13) 

0.98  (0.01) 

1.24  (0.13) 

0.98  (0.00) 

1.26  (0.14) 

0.98  (0.00) 

P 

1.02  (0.12) 

0.97  (0.00) 

0.99  (0.11) 

0.97  (0.00) 

0.97  (0.11) 

0.97  (0.01) 

0.01176 

0.01168 

0.01159 

(d) 

n=0.38+0.251og(X)-0.006k 

i=0.60+1.671og(X)-0.026k 

n=0.38+0.261og(A.)-0.006k 
i=0.64+l. 791og(X)-0.021k 

n=0.37+0.261og(X)-0.005k 

i=0.68+1.931og(X)-0.016k 

y 

2.18  (0.24) 

1.00  (0.00) 

2.18  (0.24) 

1.00  (0.00) 

2.18  (0.24) 

1.00  (0.00) 

c 

0.68  (0.10) 

0.89  (0.03) 

0.65  (0.10) 

0.88  (0.03) 

0.62  (0.10) 

0.88  (0.03) 

i 

8.39  (0.92) 

0.98  (0.00) 

7.20  (0.78) 

0.99  (0.00) 

6.23  (0.67) 

0.99  (0.00) 

k 

0.60  (0.10) 

0.05  (0.06) 

0.58  (0.10) 

0.04  (0.06) 

0.55  (0.09) 

0.03  (0.06) 

n 

1.13  (0.12) 

0.98  (0.00) 

1.14  (0.12) 

0.98  (0.00) 

1.16  (0.12) 

0.99  (0.00) 

P 

1.09  (0.12) 

0.98  (0.00) 

1.07  (0.12) 

0.98  (0.00) 

1.05  (0.12) 

0.99  (0.00) 

oz 

0.01222 

0.01215 

0.01208 

(d) 

n=0.36+0.221og(X)-0.005k 
i=0.51  + 1.521og(X)-0.019k 

n=0.36+0.231og(A.)-0.004k 
i=0.54+ 1 ,631og(X)-0.0 14k 

n=0.36+0.231og(A.)-0.004k 

i=0.58+1.761og(X)-0.010k 

y 

2.18  (0.24) 

1.00  (0.00) 

2.18  (0.24) 

1.00  (0.00) 

2.18  (0.24) 

1.00  (0.00) 

c 

0.74  (0.10) 

0.93  (0.02) 

0.71  (0.10) 

0.93  (0.02) 

0.69  (0.10) 

0.93  (0.02) 

i 

8.06  (0.88) 

0.99  (0.00) 

6.93  (0.75) 

0.99  (0.00) 

6.01  (0.64) 

0.99  (0.00) 

k 

0.58  (0.10) 

0.04  (0.06) 

0.56  (0.09) 

0.03  (0.06) 

0.53  (0.09) 

0.03  (0.06) 

n 

1.07  (0.12) 

0.98  (0.00) 

1.08  (0.12) 

0.99  (0.00) 

1.10  (0.12) 

0.99  (0.00) 

P 

1.14  (0.13) 

0.99  (0.00) 

1.12  (0.12) 

0.99  (0.00) 

1.11  (0.12) 

0.99  (0.00) 

0.01252 

0.01246 

0.01239 

(d) 

n=0.35+0.21Iog(A.)-0.004k 

i=0.45+1.431og(X)-0.014k 

n =0.35+0.2 1 log(A.)-0.004k 
i=0.48+ 1 ,531og(X)-0.0 10k 

n=0.34+0.2 1 log(X)-0.003k 
i=0.5 1 +0. 1 661og(A.)-0.006k 

Column  (a)  are  the  standard  deviations  of  the  variables. 

Column  (b)  are  the  correlations  of  the  variables  with  output. 

Row  (d)  are  the  decision  rules. 

Within  the  ( ) are  the  sample  standard  deviations  of  the  statistics. 

n*  is  the  steady  state  working  hours,  p is  the  productivity  ( output  divided  by  hours). 
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Table  3.17 

Results  of  simulations 


n*=0.30,  0=0.40.  y=0.925 


5=0.0225 
r|  =0.361 

(a) 

(3=0.98 

(b) 

5=0.025 
ti  =0.3495 
(a) 

(3=0.985 

(b) 

5=0.0275 

0=0.336 

(a) 

(3=0.99 

(b) 

y 

c 

p=0.5  k 
n 
P 

2.18  (0.24) 
0.59  (0.10) 
9.54  (1.07) 
0.68  (0.12) 
1.33  (0.14) 
0.95  (0.11) 

1.00  (0.00) 
0.59  (0.08) 
0.97  (0.01) 
0.10  (0.06) 
0.97  (0.01) 
0.94  (0.01) 

2.18  (0.24) 
0.55  (0.10) 
8.13  (0.90) 
0.66  (0.11) 
1.35  (0.15) 
0.92  (0.11) 

1.00  (0.00) 
0.56  (0.08) 
0.98  (0.00) 
0.09  (0.06) 
0.97  (0.01) 
0.94  (0.10) 

2.18  (0.24) 
0.51  (0.09) 
6.99  (0.76) 
0.63  (0.11) 
1.37  (0.15) 
0.89  (0.11) 

1.00  (0.00) 
0.52  (0.10) 
0.98  (0.00) 
0.08  (0.06) 
0.98  (0.01) 
0.95  (0.01) 

<*£ 

(d) 

0.01110 

n=0.4 1 +0.291og(X)-0.009k 
1=0.76+1. 871og(X)-0.039k 

0.01101 

n=0.40+0.291og(X)-0.008k 

i=0.80+2.001og(X)-0.033k 

0.01091 

n=0.40+0.301og(X)-0.007k 
i=0.84+2. 151og(X)-0.027k 

y 

c 

i 

p=l  k 
n 
P 

2.18  (0.24) 
0.67  (0.11) 
8.65  (0.97) 
0.63  (0.11) 
1.17  (0.13) 
1.06  (0.12) 

1.00  (0.00) 
0.83  (0.04) 
0.98  (0.00) 
0.08  (0.06) 
0.98  (0.01) 
0.97  (0.01) 

2.18  (0.24) 
0.64  (0.10) 
7.41  (0.81) 
0.61  (0.10) 

1.19  (0.13) 
1.04  (0.12) 

1.00  (0.00) 
0.82  (0.04) 
0.98  (0.00) 
0.07  (0.06) 
0.98  (0.00) 
0.97  (0.01) 

2.18  (0.24) 
0.60  (0.10) 
6.41  (0.69) 
0.58  (0.10) 
1.21  (0.13) 
1.02  (0.12) 

1.00  (0.00) 
0.81  (0.05) 
0.99  (0.00) 
0.06  (0.06) 
0.98  (0.00) 
0.98  (0.00) 

<*e 

(d) 

0.01188 

n=0.38+0.231og(X)-0.006k 

i=0.60+1.591og(X)-0.026k 

0.01180 

n=0.38+0.241og(X)-0.006k 
i=0.64+ 1.71  log(X)-0.02 1 k 

0.01171 

n=0.37+0.251og(X)-0.005k 

i=0.67+1.841og(X)-0.016k 

y 

c 

p=1.5  k 
n 
P 

2.18  (0.24) 
0.74  (0.11) 

8.14  (0.91) 
0.60  (0.10) 
1.08  (0.12) 

1.14  (0.13) 

1.00  (0.00) 
0.91  (0.02) 
0.98  (0.00) 
0.06  (0.06) 
0.98  (0.00) 
0.98  (0.00) 

2.18  (0.24) 
0.72  (0.11) 
7.00  (0.77) 
0.58  (0.10) 
1.10  (0.12) 
1.12  (0.13) 

1.00  (0.00) 
0.90  (0.03) 
0.99  (0.00) 
0.05  (0.06) 
0.98  (0.00) 
0.98  (0.00) 

2.18  (0.24) 
0.69  (0.11) 
6.07  (0.66) 
0.56  (0.09) 
1.11  (0.12) 
1.10  (0.12) 

1.00  (0.00) 
0.90  (0.03) 
0.99  (0.00) 
0.05  (0.06) 
0.99  (0.00) 
0.99  (0.00) 

o£ 

(d) 

0.01234 

n=0.36+0.211og(X)-0.005k 
i=0.51  + 1.44Iog(X)-0.019k 

0.01227 

n=0.36+0.211og(X)-0.004k 
i=0.54+ 1 .551og(X)-0.0 14k 

0.01219 

n=0.36+0.221og(X)-0.004k 
i=0.58+ 1 ,68Iog(X)-0.0 1 0k 

y 

c 

p=2  k 
n 
P 

2.18  (0.24) 
0.80  (0.12) 
7.80  (0.87) 
0.58  (0.10) 
1.02  (0.11) 

1.19  (0.13) 

1.00  (0.00) 
0.94  (0.02) 
0.98  (0.00) 
0.05  (0.06) 
0.98  (0.00) 
0.99  (0.00) 

2.18  (0.24) 
0.78  (0.12) 
6.72  (0.74) 
0.56  (0.09) 
1.03  (0.11) 
1.17  (0.13) 

1.00  (0.00) 
0.94  (0.02) 
0.99  (0.00) 
0.04  (0.06) 
0.99  (0.00) 
0.99  (0.00) 

2.18  (0.24) 
0.75  (0.12) 
5.85  (0.63) 
0.54  (0.09) 
1.05  (0.11) 
1.16  (0.13) 

1.00  (0.00) 
0.94  (0.02) 
0.99  (0.00) 
0.04  (0.06) 
0.99  (0.00) 
0.99  (0.00) 

<*e 

(d) 

0.01264 

n=0.35+0. 1 91og(X)-0.004k 
i=0.45+1.351og(X)-0.014k 

0.01258 

n=0.35+0.201og(X)-0.003k 
1=0.48+ 1.461og(X)-0.0 10k 

0.01250 

n=0.34+0.201og(X)-0.003k 

i=0.51+1.581og(X)-0.006k 

Column  (a)  are  the  standard  deviations  of  the  variables. 

Column  (b)  are  the  correlations  of  the  variables  with  output. 

Row  (d)  are  the  decision  rales. 

Within  the  ( ) are  the  sample  standard  deviations  of  the  statistics. 

n*  is  the  steady  state  working  hours,  p is  the  productivity  (output  divided  by  hours). 
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Table  3.18 

Results  of  Simulations 


n*=0.30,  0=0.40, 

7=0.95 

5=0.0225 

0=0.361 

(a) 

(3=0.98 

(b) 

5=0.025 

ti=0.3495 

(a) 

(3=0-985 

(b) 

5=0.0275 
r|  =0.336 
(a) 

(3=0.99 

(b) 

y 

c 

p=0.5  k 
n 
P 

2.18  (0.24) 
0.65  (0.11) 

9.18  (1.05) 
0.68  (0.12) 
1.26  (0.14) 
1.01  (0.12) 

1.00  (0.00) 
0.69  (0.08) 
0.97  (0.01) 
0.11  (0.06) 
0.97  (0.01) 
0.95  (0.01) 

2.18  (0.24) 
0.62  (0.11) 
7.83  (0.88) 
0.65  (0.11) 
1.28  (0.14) 
0.99  (0.12) 

1.00  (0.00) 
0.67  (0.09) 
0.98  (0.01) 
0.10  (0.06) 
0.97  (0.01) 
0.95  (0.01) 

2.18  (0.24) 
0.58  (0.11) 
6.74  (0.74) 
0.62  (0.11) 
1.28  (0.14) 
0.96  (0.11) 

1.00  (0.00) 
0.65  (0.10) 
0.98  (0.00) 
0.09  (0.06) 
0.98  (0.01) 
0.96  (0.01) 

(d) 

0.01138 

n=0.4 1 +0.261og(X)-0.009k 
i=0.76+1.741og(X)-0.039k 

0.01130 

n =0.40+0. 27 1 log(X)-0.008k 
i=0.80+1.861og(X)-0.033k 

0.01121 

n=0.40+0.281og(A.)-0.007k 
i=0. 84+2.0 1 log(X)-0.027k 

y 

c 

i 

p=l  k 
n 
P 

2.18  (0.24) 
0.75  (0.12) 
8.29  (0.95) 
0.62  (0.11) 
1.10  (0.12) 
1.13  (0.13) 

1.00  (0.00) 
0.87  (0.04) 
0.98  (0.01) 
0.09  (0.06) 
0.98  (0.01) 
0.98  (0.00) 

2.18  (0.24) 
0.73  (0.12) 

7.11  (0.80) 
0.60  (0.10) 

1.11  (0.12) 
1.11  (0.13) 

1.00  (0.00) 
0.87  (0.04) 
0.98  (0.00) 
0.08  (0.06) 
0.98  (0.01) 
0.98  (0.00) 

2.18  (0.24) 
0.69  (0.12) 
6.71  (0.68) 
0.58  (0.10) 
1.13  (0.12) 
1.09  (0.12) 

1.00  (0.00) 
0.86  (0.05) 
0.99  (0.00) 
0.07  (0.06) 
0.98  (0.00) 
0.98  (0.00) 

<*E 

(d) 

0.01216 

n=0.38+0.211og(A.)-0.006k 

i=0.60+1.48Iog(X)-0.026k 

0.01209 

n=0.38+0.221og(A.)-0.006k 
i=0.4 1 + 1 ,591og(X)-0.02 1 k 

0.01200 

n=0.37+0.231og(A.)-0.005k 

i=0.68+1.72Iog(X)-0.016k 

y 

c 

p=1.5  k 
n 
P 

2.18  (0.24) 
0.84  (0.13) 
7.76  (0.89) 
0.59  (0.10) 
1.00  (0.11) 
1.21  (0.14) 

1.00  (0.00) 
0.93  (0.02) 
0.98  (0.00) 
0.07  (0.06) 
0.98  (0.00) 
0.99  (0.00) 

2.18  (0.24) 
0.82  (0.13) 
6.69  (0.76) 
0.57  (0.10) 
1.02  (0.11) 

1.19  (0.13) 

1.00  (0.00) 
0.93  (0.93) 
0.98  (0.00) 
0.07  (0.06) 
0.98  (0.00) 
0.99  (0.00) 

2.18  (0.24) 
0.79  (0.14) 
5.83  (0.65) 
0.55  (0.10) 
1.04  (0.11) 
1.17  (0.13) 

1.00  (0.00) 
0.92  (0.03) 
0.99  (0.00) 
0.05  (0.06) 
0.98  (0.00) 
0.99  (0.00) 

<*E 

(d) 

0.01263 

n=0.36+0. 191og(A.)-0.005k 
i=0.51  + 1.331og(X)-0.019k 

0.01256 

n=0.36+0. 191og(A.)-0.004k 
i=0. 54+ 1 ,441og(X)-0.0 1 4k 

0.01248 

n=0.36+0.201og(A.)-0.004k 

i=0.58+1.561og(X)-0.010k 

y 

c 

i 

p=2  k 
n 
P 

2.18  (0.24) 
0.91  (0.14) 
7.41  (0.86) 
0.57  (0.10) 
0.94  (0.10) 
1.27  (0.14) 

1.00  (0.00) 
0.95  (0.02) 
0.98  (0.00) 
0.06  (0.06) 
0.98  (0.00) 
0.99  (0.00) 

2.18  (0.24) 
0.88  (0.14) 
6.41  (0.73) 
0.55  (0.10) 
0.96  (0.10) 
1.25  (0.14) 

1.00  (0.00) 
0.95  (0.02) 
0.99  (0.00) 
0.05  (0.06) 
0.99  (0.00) 
0.99  (0.00) 

2.18  (0.24) 
0.86  (0.14) 
5.61  (0.63) 
0.53  (0.09) 
0.97  (0.11) 
1.23  (0.14) 

1.00  (0.00) 
0.95  (0.02) 
0.99  (0.00) 
0.04  (0.06) 
0.99  (0.00) 
0.99  (0.00) 

°E 

(d) 

0.01294 

n =0.35+0. 171og(A.)-0.004k 
i=0.45+1.241og(X)-0.014k 

0.01287 

n=0.35+0. 1 81og(X)-0.003k 
i=0.48+ 1 ,351og(X)-0.0 10k 

0.01279 

n=0.34+0. 181og(X)-0.003k 
i=0.51+1.471og(X)-0.006k 

Column  (a)  are  the  standard  deviations  of  the  variables. 

Column  (b)  are  the  correlations  of  the  variables  with  output. 

Row  (d)  are  the  decision  rules. 

Within  the  ( ) are  the  sample  standard  deviations  of  the  statistics. 

n*  is  the  steady  state  working  hours,  p is  the  productivity  (output  divided  by  hours). 
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Table  3.19 

Results  of  Simulations 


n*=0.33,  6=0.36, 

7=0.90 

5=0.0225 
r|  =0.38435 
(a) 

(3=0-98 

(b) 

5=0.025 
ti  =0.37400 
(a) 

(3=0.985 

(b) 

6=0.0275 
t|  =0.36183 
(a) 

(3=0.99 

(b) 

y 

c 

p=0.5  k 
n 
P 

2.18  (0.24) 
0.57  (0.10) 
10.78  (1.2) 
0.74  (0.12) 
1.30  (0.14) 
0.97  (0.12) 

1.00  (0.00) 
0.53  (0.06) 
0.97  (0.01) 
0.10  (0.06) 
0.97  (0.01) 
0.95  (0.01) 

2.18  (0.24) 
0.54  (0.09) 

9.18  (1.01) 
0.71  (0.12) 
1.32  (0.14) 
0.94  (0.11) 

1.00  (0.00) 
0.49  (0.07) 
0.98  (0.00) 
0.09  (0.06) 
0.97  (0.01) 
0.95  (0.01) 

2.18  (0.24) 
0.50  (0.09) 
7.89  (0.86) 
0.68  (0.11) 
1.35  (0.14) 
0.91  (0.11) 

1.00  (0.00) 
0.45  (0.08) 
0.98  (0.00). 
0.08  (0.06) 
0.98  (0.01) 
0.95  (0.01) 

oE 

(d) 

0.01092 

n=0.45+0.321og(k)-0.0 1 3k 
i=0.64+1.60Iog(X)-0.048k 

0.01082 

n=0.44+0.321og(A.)-0.01  lk 
i=0.67+1.701og(X)-0.041k 

0.01070 

n=0.44+0.331og(A.)-0.010k 

i=0.70+1.82.1og(A.)-0.035k 

y 

c 

p=l  k 
n 
P 

2.18  (0.24) 
0.64  (0.10) 
9.73  (1.08) 
0.68  (0.11) 
1.15  (0.12) 
1.09  (0.12) 

1.00  (0.00) 
0.81  (0.04) 
0.98  (0.00) 
0.07  (0.06) 
0.98  (0.01) 
0.97  (0.00) 

2.18  (0.24) 
0.61  (0.09) 
8.32  (0.90) 
0.65  (0.11) 
1.16  (0.13) 
1.07  (0.12) 

1.00  (0.00) 
0.80  (0.04) 
0.98  (0.00) 
0.07  (0.06) 
0.98  (0.01) 
0.98  (0.00) 

2.18  (0.24) 
0.57  (0.09) 

7.18  (0.77) 
0.63  (0.11) 

1.18  (0.13) 
1.04  (0.12) 

1.00  (0.00) 
0.79  (0.04) 
0.99  (0.00) 
0.06  (0.06) 
0.98  (0.00) 
0.98  (0.00) 

<JE 

(d) 

0.01174 

n=0.41+0.261og(A.)-0.009k 

i=0.50+1.351og(X)-0.033k 

0.01166 

n=0.41+0.261og(A.)-0.008k 

i=0.53+1.441og(X)-0.027k 

0.01157 

n=0.41+0.271og(X)-0.007k 

i=0.56+1.541og(X)-0.022k 

y 

c 

p=1.5  k 
n 
P 

2.18  (0.24) 
0.71  (0.10) 
9.14  (1.01) 
0.65  (0.11) 
1.06  (0.11) 
1.16  (0.13) 

1.00  (0.00) 
0.90  (0.02) 
0.98  (0.00) 
0.06  (0.06) 
0.98  (0.00) 
0.98  (0.00) 

2.18  (0.24) 
0.68  (0.10) 
7.84  (0.85) 
0.62  (0.10) 
1.07  (0.12) 
1.14  (0.13) 

1.00  (0.00) 
0.90  (0.02) 
0.99  (0.00) 
0.05  (0.06) 
0.98  (0.00) 
0.99  (0.00) 

2.18  (0.24) 
0.65  (0.10) 
6.79  (0.73) 
0.60  (0.10) 
1.09  (0.12) 
1.12  (0.12) 

1.00  (0.00) 
0.90  (0.02) 
0.99  (0.00) 
0.04  (0.06) 
0.99  (0.00) 
0.99  (0.00) 

°E 

(d) 

0.01221 

n=0.40+0.231og(A.)-0.007k 

i=0.42+1.221og(X)-0.024k 

0.01214 

n=0.39+0.231og(X)-0.006k 
i=0.45+ 1 .301og(X)-0.0 1 9k 

0.01206 

n=0.39+0.241og(A.)-0.005k 
i=0. 47+1. 391og(X)-0.0 15k 

y 

c 

p= 2 k 
n 
P 

2.18  (0.24) 
0.77  (0.11) 
8.77  (0.97) 
0.63  (0.10) 
1.00  (0.11) 
1.21  (0.13) 

1.00  (0.00) 
0.93  (0.02) 
0.98  (0.00) 
0.04  (0.06) 
0.98  (0.00) 
0.99  (0.00) 

2.18  (0.24) 
0.74  (0.10) 
7.53  (0.82) 
0.60  (0.10) 
1.02  (0.11) 

1.19  (0.13) 

1.00  (0.00) 
0.93  (0.02) 
0.99  (0.00) 
0.04  (0.06) 
0.99  (0.00) 
0.99  (0.00) 

2.18  (0.24) 
0.72  (0.10) 
6.54  (0.70) 
0.58  (0.10) 
1.03  (0.11) 
1.17  (0.13) 

1.00  (0.00) 
0.93  (0.02) 
0.99  (0.00) 
0.03  (0.06) 
0.99  (0.00) 
0.99  (0.00) 

<JC 

(d) 

0.01251 

n=0. 38+0.2 1 log(A.)-0.006k 
i=0.37+l.  141og(X)-0.018k 

0.01245 

n=0.38+0.221og(A.)-0.005k 
i=0.39+ 1 ,221og(X)-0.0 1 4k 

0.01238 

n=0.38+0.221og(X)-0.004k 
i=0.42+ 1.31  log(X)-0.0 1 0k 

Column  (a)  are  the  standard  deviations  of  the  variables. 

Column  (b)  are  the  correlations  of  the  variables  with  output. 

Row  (d)  are  the  decision  rules. 

Winth  the  ( ) are  the  sample  standard  deviations  of  the  statistics. 

n*  is  the  steady  state  working  hours,  p is  the  productivity  (output  divided  by  hours). 
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Table  3.20 

Results  of  Simulations 


n*=0.33,  0=0.36,  y=0.925 


p=0.5 


P=1 


5=0.0225 

[3=0.98 

5=0.025 

(3=0.985 

5=0.0275 

(3=0.99 

ri  =0.38435 

T)  =0.37400 

r)  =0.36183 

(a) 

(b) 

(a) 

(b) 

(a) 

(b) 

y 

2.18  (0.24) 

1.00  (0.00) 

2.18  (0.24) 

1.00  (0.00) 

2.18  (0.24) 

1.00  (0.00) 

c 

0.62  (0.11) 

0.62  (0.06) 

0.58  (0.10) 

0.59  (0.07) 

0.54  (0.10) 

0.56  (0.08) 

i 

10.47  (1.2) 

0.97  (0.01) 

8.92  (0.99) 

0.98  (0.01) 

7.68  (0.84) 

0.98  (0.00) 

i k 

0.74  (0.12) 

0.11  (0.06) 

0.71  (0.12) 

0.10  (0.06) 

0.68  (0.11) 

0.09  (0.08) 

n 

1.25  (0.14) 

0.97  (0.01) 

1.27  (0.14) 

0.97  (0.01) 

1.29  (0.14) 

0.97  (0.01) 

P 

1.02  (0.12) 

0.95  (0.01) 

0.99  (0.12) 

0.95  (0.01) 

0.96  (0.11) 

0.95  (0.01) 

ac 

0.01107 

0.01097 

0.01086 

(d) 

n=0.44+0.301og(A.)-0.013k 

i=0.64+1.52Iog(X)-0.048k 

n=0.44+0.301og(X)-0.01  lk 
i=0.67+1.621og(X)-0.0412k 

n=0.44+0.321og(A.)-0.010k 

i=0.70+1.731og(X)-0.035k 

y 

2.18  (0.24) 

1.00  (0.00) 

2.18  (0.24) 

1.00  (0.00) 

2.18  (0.24) 

1.00  (0.00) 

c 

0.70  (0.11) 

0.84  (0.03) 

0.67  (0.10) 

0.84  (0.04) 

0.64  (0.09) 

0.83  (0.04) 

i 

9.42  (1.06) 

0.98  (0.01) 

8.07  (0.89) 

0.98  (0.00) 

6.98  (0.76) 

0.99  (0.00) 

k 

0.68  (0.12) 

0.09  (0.06) 

0.66  (0.11) 

0.08  (0.06) 

0.63  (0.11) 

0.07  (0.06) 

n 

1.10  (0.12) 

0.98  (0.01) 

1.11  (0.12) 

0.98  (0.01) 

1.13  (0.12) 

0.98  (0.00) 

p 

1.14  (0.13) 

0.98  (0.00) 

1.12  (0.13) 

0.98  (0.00) 

1.09  (0.12) 

0.98  (0.00) 

°e 

0.01188 

0.01180 

0.01171 

(d) 

n=0.41+0.241og(\)-0.009k 

i=0.50+1.271og(X)-0.032k 

n=0.41+0.251og(\)-0.008k 

i=0.53+1.361og(X)-0.027k 

n=041+0.251og(A.)-0.007k 
i=0.56+ 1 .461og(A.)-0.022k 

y 

2.18  (0.24) 

1.00  (0.00) 

2.18  (0.24) 

1.00  (0.00) 

2.18  (0.24) 

1.00  (0.00) 

c 

0.78  (0.11) 

0.91  (0.02) 

0.75  (0.11) 

0.91  (0.02) 

0.72  (0.11) 

0.91  (0.02) 

i 

8.83  (0.99) 

0.98  (0.00) 

7.59  (0.84) 

0.98  (0.00) 

6.59  (0.72) 

0.99  (0.00) 

i k 

0.64  (0.11) 

0.07  (0.06) 

0.62  (0.11) 

0.06  (0.06) 

0.60  (0.10) 

0.05  (0.06) 

n 

1.01  (0.11) 

0.98  (0.00) 

1.02  (0.11) 

0.98  (0.00) 

1.04  (0.11) 

0.98  (0.00) 

P 

1.21  (0.14) 

0.99  (0.00) 

1.19  (0.13) 

0.99  (0.00) 

1.17  (0.13) 

0.99  (0.00) 

0.01235 

0.01228 

0.01219 

(d) 

n =0.40 +0.2 1 log(X.)-0.007k 
i=0.42+ 1 . 1 51og(X)0.024k 

n=0.39+0.221og(X)-0.006k 
i=0.45+ 1 ,231og(X)-0.0 1 9k 

n=0.39+0.221og(\)-0.005k 

i=0.47+1.331og(X)-0.015k 

y 

2.18  (0.24) 

1.00  (0.00) 

2.18  (0.24) 

1.00  (0.00) 

2.18  (0.24) 

1.00  (0.00) 

c 

0.84  (0.12) 

0.94  (0.01) 

0.81  (0.12) 

0.94  (0.01) 

0.79  (0.12) 

0.94  (0.02) 

i 

8.46  (0.95) 

0.98  (0.00) 

7.29  (0.80) 

0.99  (0.00) 

6.34  (0.69) 

0.99  (0.00) 

k 

0.62  (0.11) 

0.05  (0.06) 

0.60  (0.10) 

0.05  (0.06) 

0.58  (0.10) 

0.04  (0.06) 

n 

0.95  (0.10) 

0.98  (0.00) 

0.97  (0.11) 

0.99  (0.00) 

0.98  (0.10) 

0.99  (0.00) 

P 

1.26  (0.14) 

0.99  (0.00) 

1.24  (0.14) 

0.99  (0.00) 

1.22  (0.14) 

0.99  (0.00) 

0.01265 

0.01258 

0.01250 

(d) 

n=0.38+0.201og(X)-0.006k 

i=0.37+1.081og(X)-0.018k 

n=0.38+0.201og(X)-0.005k 
i=0.39+ 1 . 1 61og(X)-0.0 1 4k 

n=0.38+0.211og(X)-0.004k 
i=0.42+ 1 ,241og(X)-0.0 10k 

P-1.5 


M=2 


Column  (a)  are  the  standard  deviations  of  the  variables. 

Column  (b)  are  the  correlations  of  the  variables  with  output. 

Row  (d)  are  the  decision  rales. 

Within  the  ( ) are  the  sample  standard  deviations  of  the  statistics. 

n*  is  the  steady  state  working  hours,  p is  the  productivity  ( output  divided  by  hours). 
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Table  3.21 

Results  of  Simulations 


>i=0.5 


p=l 


M=1.5 


p=2 


n*=0.33,  9=0.36, 

y=0.95 

5=0.0225  3=0.98 

5=0.025 

3=0.985 

6=0.0275 

3=0.99 

t|  =0.38435 

r|  =0.37400 

p=0.36183 

(a) 

(b) 

(a) 

(b) 

(a) 

(b) 

y 

2.18  (0.24) 

1.00  (0.00) 

2.18  (0.24) 

1.00  (0.00) 

2.18  (0.24) 

1.00  (0.00) 

c 

0.69  (0.12) 

0.71  (0.06) 

0.65  (0.11) 

0.70  (0.07) 

0.61  (0.11) 

0.68  (0.08) 

i 

10.03  (1.16) 

0.97  (0.01) 

8.55  (0.96) 

0.97  (0.01) 

7.37  (0.82) 

0.98  (0.00) 

i k 

0.73  (0.12) 

0.12  (0.06) 

0.70  (0.12) 

0.11  (0.08) 

0.67  (0.11) 

0.10  (0.06) 

n 

1.18  (0.13) 

0.96  (0.01) 

1.20  (0.13) 

0.97  (0.01) 

1.22  (0.13) 

0.97  (0.01) 

p 

1.09  (0.13) 

0.96  (0.01) 

1.06  (0.12) 

0.96  (0.01) 

1.03  (0.12) 

0.96  (0.01) 

aE 

0.01137 

0.01128 

0.01119 

(d) 

n=0.45+0.271og(X)-0.0 1 3k 
i=0.64+l. 4 llog(X)-0.048k 

n=0.44+0.281og(  50-0.01  lk 
i=0.67+1.501og(X)-0.041k 

n=0.44+0.291og(X)-0.010k 

i=0.70+1.601og(X)-0.035k 

y 

2.18  (0.24) 

1.00  (0.00) 

2.18  (0.24) 

1.00  (0.00) 

2.18  (0.24) 

1.00  (0.00) 

C 

0.79  (0.12) 

0.88  (0.03) 

0.76  (0.12) 

0.88  (0.03) 

0.73  (0.12) 

0.88  (0.04) 

i 

8.98  (1.04) 

0.97  (0.01) 

7.70  (0.87) 

0.98  (0.00) 

6.68  (0.74) 

0.98  (0.00) 

k 

0.67  (0.11) 

0.10  (0.06) 

0.64  (0.11) 

0.09  (0.06) 

0.62  (0.11) 

0.08  (0.06) 

n 

1.02  (0.11) 

0.97  (0.01) 

1.04  (0.11) 

0.98  (0.01) 

1.06  (0.11) 

0.98  (0.00) 

P 

1.21  (0.14) 

0.98  (0.00) 

1.19  (0.13) 

0.98  (0.00) 

1.16  (0.13) 

0.98  (0.00) 

0.01218 

0.01211 

0.01203 

(d) 

n=0.4 1 +0.221og(A.)-0.009k 
i=0.50+ 1 . 1 71og(X)-0.033k 

n=0.41  +0. 221og(  X.)-0.008k 
i=0.53+1.261og(X)-0.027k 

n=0.41+0.231og(A.)-0.007k 

i=0.56+1.351og(X)-0.022k 

y 

2.18  (0.24) 

1.00  (0.00) 

2.18  (0.24) 

1.00  (0.00) 

2.18  (0.24) 

1.00  (0.00) 

c 

0.88  (0.13) 

0.94  (0.02) 

0.85  (0.13) 

0.94  (0.02) 

0.83  (0.13) 

0.93  (0.02) 

i 

8.38  (0.97) 

0.98  (0.01) 

7.22  (0.82) 

0.98  (0.00) 

6.29  (0.70) 

0.98  (0.01) 

i k 

0.63  (0.11) 

0.08  (0.06) 

0.61  (0.10) 

0.07  (0.06) 

0.59  (0.10) 

0.06  (0.06) 

n 

0.93  (0.10) 

0.98  (0.01) 

0.95  (0.10) 

0.98  (0.00) 

0.96  (0.10) 

0.98  (0.00) 

P 

1.28  (0.14) 

0.99  (0.00) 

1.26  (0.14) 

0.99  (0.00) 

1.24  (0.14) 

0.99  (0.00) 

0.01266 

0.01259 

0.01251 

(d) 

n=0.40+0. 191og(X)-0.007k 
i=0.42+1.061og(X)-0.024k 

n=0.39+0.201og(X)-0.006k 
i=0.45+ 1 . 1 31og(X)-0.0 1 9k 

n=0.39+0.201og(A.)-0.005k 

i=0.47+1.221og(X)-0.015k 

y 

2.18  (0.24) 

1.00  (0.00) 

2.18  (0.24) 

1.00  (0.00) 

2.18  (0.24) 

1.00  (0.00) 

c 

0.94  (0.14) 

0.96  (0.01) 

0.92  (0.14) 

0.96  (0.01) 

0.89  (0.14) 

0.96  (0.01) 

i 

7.99  (0.93) 

0.98  (0.00) 

6.91  (0.79) 

0.99  (0.00) 

6.04  (0.68) 

0.99  (0.00) 

k 

0.61  (0.10) 

0.06  (0.06) 

0.59  (0.10) 

0.06  (0.06) 

0.57  (0.10) 

0.05  (0.06) 

n 

0.87  (0.10) 

0.98  (0.00) 

0.89  (0.10) 

0.98  (0.00) 

0.91  (0.10) 

0.98  (0.00) 

p 

1.33  (0.15) 

0.99  (0.00) 

1.31  (0.15) 

0.99  (0.00) 

1.29  (0.14) 

0.99  (0.00) 

0.01297 

0.01290 

0.01282 

(d) 

n=0.38+0. 181og(A.)-0.006k 
i=0.37+0.981og(X)-0.0 1 8k 

n=0.38+0. 181og(X)-0.005k 
i=0.39+1.061og(X)-0.014k 

n=0.38+0. 1 81og(  A.)-0.004k 
i=0.42+ 1 . 1 51og(X)-0.009k 

Column  (a)  are  the  standard  deviations  of  the  variables. 

Column  (b)  are  the  correlations  of  the  variables  with  output. 

Row  (d)  are  the  decision  rules. 

Within  the  ( ) are  the  sample  standard  deviations  of  the  statistics. 

n*  is  the  steady  state  working  hours,  p is  the  productivity  (output  divided  by  hours). 
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Table  3.22 

Results  of  Simulations 


n*=0.33,  6=0.38,  y=0.90 


p=0.5 


p=l 


p=1.5 


M=2 


8=0.0225  (3=0.98 

8=0.025 

(3=0.985 

8=0.0275 

(3=0-99 

r|  =0.3888 

T)  =0.37765 

n =0.36454 

(a) 

(b) 

(a) 

(b) 

(a) 

(b) 

y 

2.18  (0.24) 

1.00  (0.00) 

2.18  (0.24) 

1.00  (0.00) 

2.18  (0.24) 

1.00  (0.00) 

c 

0.56  (0.10) 

0.50  (0.07) 

0.52  (0.09) 

0.46  (0.07) 

0.49  (0.09) 

0.41  (0.09) 

i 

10.30  (1.15) 

0.97  (0.01) 

8.76  (0.96) 

0.98  (0.00) 

7.53  (0.81) 

0.98  (0.00) 

k 

0.71  (0.12) 

0.10  (0.06) 

0.68  (0.11) 

0.09  (0.06) 

0.65  (0.11) 

0.07  (0.06) 

n 

1.32  (0.14) 

0.97  (0.01) 

1.34  (0.14) 

0.97  (0.01) 

1.36  (0.15) 

0.98  (0.01) 

P 

0.96  (0.11) 

0.94  (0.01) 

0.93  (0.11) 

0.95  (0.01) 

0.90  (0.11) 

0.95  (0.01) 

0.01106 

0.01096 

0.01086 

(d) 

n=0.44+0.321og(A.)-0.010k 

i=0.73+1.841og“(X)-0.043k 

n=0.44+0.321og(X)-0.009k 

i=0.77+1.961og(X)-0.037k 

n=0.44+0.331og(X)-0.008k 
i=0. 80+2. 1 01og(X)-0.03 1 k 

y 

2.18  (0.24) 

1.00  (0.00) 

2.18  (0.24) 

1.00  (0.00) 

2.18  (0.24) 

1.00  (0.00) 

c 

0.62  (0.10) 

0.80  (0.04) 

0.59  (0.09) 

0.79  (0.04) 

0.56  (0.09) 

0.79  (0.05) 

i 

9.29  (1.03) 

0.98  (0.00) 

7.95  (0.86) 

0.98  (0.00) 

6.86  (0.74) 

0.99  (0.00) 

k 

0.65  (0.11) 

0.07  (0.06) 

0.63  (0.11) 

0.06  (0.06) 

0.60  (0.10) 

0.05  (0.06) 

n 

1.16  (0.13) 

0.98  (0.01) 

1.17  (0.13) 

0.98  (0.00) 

1.19  (0.13) 

0.98  (0.00) 

P 

1.08  (0.12) 

0.97  (0.00) 

1.06  (0.12) 

0.98  (0.00) 

1.03  (0.12) 

0.98  (0.00) 

aE 

0.01188 

0.01180 

0.01171 

(d) 

n=0.4 1 +0.261og(A.)-0.008k 
i=0.57+1.551og(X)-0.029k 

n=0.41+0.261og(X)-0.007k 

i=0.60+1.651og(X)-0.024k 

n=0.41+0.271og(X)-0.006k 

i=0.64+1.771og(X)-0.019k 

y 

2.18  (0.24) 

1.00  (0.00) 

2.18  (0.24) 

1.00  (0.00) 

2.18  (0.24) 

1.00  (0.00) 

c 

0.70  (0.10) 

0.89  (0.02) 

0.67  (0.10) 

0.89  (0.02) 

0.64  (0.10) 

0.89  (0.03) 

i 

8.74  (0.96) 

0.98  (0.00) 

7.49  (0.81) 

0.99  (0.00) 

6.49  (0.69) 

0.99  (0.00) 

k 

0.62  (0.10) 

0.05  (0.06) 

0.60  (0.10) 

0.05  (0.06) 

0.57  (0.10) 

0.04  (0.07) 

n 

1.07  (0.12) 

0.98  (0.00) 

1.08  (0.12) 

0.98  (0.00) 

1.10  (0.12) 

0.99  (0.00) 

P 

1.15  (0.13) 

0.98  (0.00) 

1.13  (0.13) 

0.99  (0.00) 

1.11  (0.12) 

0.99  (0.00) 

0.01234 

0.01227 

0.01220 

(d) 

n=0.39+0.231og(A.)-0.006k 

i=0.48+1.401og(X)-0.021k 

n=0.39+0.231og(X)-0.005k 
i=0.51  + 1.501og(X)-0.016k 

n=0.39+0.241og(A.)-0.004k 
i=0.54+ 1.61  log(X)-0.0 1 2k 

y 

2.18  (0.24) 

1.00  (0.00) 

2.18  (0.24) 

1.00  (0.00) 

2.18  (0.24) 

1.00  (0.00) 

c 

0.75  (0.10) 

0.93  (0.02) 

0.73  (0.10) 

0.93  (0.02) 

0.70  (0.10) 

0.93  (0.02) 

i 

8.38  (0.92) 

0.99  (0.00) 

7.20  (0.78) 

0.99  (0.00) 

6.25  (0.67) 

0.99  (0.00) 

k 

0.60  (0.10) 

0.04  (0.06) 

0.58  (0.10) 

0.03  (0.06) 

0.55  (0.09) 

0.03  (0.06) 

n 

1.01  (0.11) 

0.98  (0.00) 

1.02  (0.11) 

0.99  (0.00) 

1.04  (0.11) 

0.99  (0.00) 

p 

1.20  (0.13) 

0.99  (0.00) 

1.18  (0.13) 

0.99  (0.00) 

1.16  (0.13) 

0.99  (0.00) 

aE 

0.01264 

0.01258 

0.01251 

(d) 

n=0.38+0.211og(A.)-0.05k 
i=0.42+ 1 .321og(X)-0.0 1 5k 

n=0.38+0.221og(X)-0.004k 
i=0.45+ 1.41  log(X)-0.0 1 1 k 

n=0.38+0.221og(A.)-0.003k 

i=0.48+1.521og(X)-0.007k 

Column  (a)  are  the  standard  deviations  of  the  variables. 


Column  (b)  are  the  correlations  of  the  variables  with  output. 
Row  (d)  are  the  decision  rules. 


Within  the  ( ) are  the  sample  standard  deviations  of  the  statistics. 

n*  is  the  steady  state  working  hours,  p is  the  productivity  (output  divided  by  hours). 
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Table  3.23 

Results  of  Simulations 


n*=0.33,  0=0.38,  y=0.925 


5=0.0225  (3=0-98  5=0.025  (3=0.985  6=0.0275  (3=0.99 

r)  =0.3888  ri=0.37765  r|=0.36454 

(a)  (b)  (a)  (b)  (a)  (b) 


y 

c 

(1=0.5  k 
n 
P 


2.18  (0.24) 
0.60  (0.10) 
10.01  (1.13) 
0.71  (0.12) 
1.27  (0.14) 

1.00  (0.12) 


1.00  (0.00) 
0.59  (0.07) 
0.97  (0.01) 
0.11  (0.06) 
0.97  (0.01) 
0.95  (0.01) 


2.18  (0.24) 
0.57  (0.10) 
8.53  (0.94) 
0.68  (0.12) 
1.29  (0.14) 
0.97  (0.12) 


1.00  (0.00) 
0.56  (0.08) 
0.98  (0.00) 
0.10  (0.06) 
0.97  (0.01) 
0.95  (0.01) 


2.18  (0.24) 
0.53  (0.09) 
7.33  (0.80) 
0.65  (0.11) 
1.31  (0.14) 
0.95  (0.11) 


1.00  (0.00) 
0.53  (0.09) 
0.98  (0.00) 
0.09  (0.06) 
0.98  (0.01) 
0.95  (0.01) 


a,  0.01119  0.01110  0.01010 

(d)  n=0.44+0.301og(\)-0.010k  n=0.44-K).301og(X)-0.009k  n=0.44-K).321og(X)-0.008k 

i=0.73+1.751og(X)-0.043k  i=0.77+1.861og(X)-0.037k  i=0.80+2.001og(X)-0.031k 


y 

c 

i 

p=  1 k 
n 
P 


2.18  (0.24) 
0.69  (0.11) 
9.01  (1.01) 
0.65  (0.11) 
1.11  (0.12) 

1.13  (0.13) 


1.00  (0.00) 
0.84  (0.04) 
0.98  (0.00) 
0.08  (0.06) 
0.98  (0.01) 
0.98  (0.00) 


2.18  (0.24) 
0.65  (0.10) 
7.72  (0.85) 
0.63  (0.11) 

1.13  (0.12) 
1.10  (0.13) 


1.00  (0.00) 
0.83  (0.04) 
0.98  (0.00) 
0.07  (0.06) 
0.98  (0.01) 
0.98  (0.00) 


2.18  (0.24) 
0.62  (0.10) 
6.68  (0.73) 
0.60  (0.10) 

1.14  (0.12) 
1.08  (0.12) 


1.00  (0.00) 
0.83  (0.04) 
0.99  (0.00) 
0.06  (0.06) 
0.98  (0.00) 
0.98  (0.00) 


a.  0.01200  0.01192  0.01184 

(d)  n=0.4 1 +0.241og(A.)-0.008k  n=0.41-K).251og(A.)-0.007k  n=0.41-K).251og(X)-0.006k 

i=0.57+ 1 ,471og(X)-0.029k  i=0.60+ 1 ,571og(X)-0.024k  i=0.64+ 1 ,691og(X)-0.0 1 9k 


y 

2.18 

(0.24) 

1.00 

(0.00) 

2.18 

(0.24) 

1.00 

(0.00) 

2.18 

(0.24) 

1.00 

(0.00) 

c 

0.77 

(0.11) 

0.91 

(0.02) 

0.74 

(0.11) 

0.91 

(0.02) 

0.71 

(0.11) 

0.91 

(0.03) 

i 

8.45 

(0.95) 

0.98 

(0.00) 

7.27 

(0.80) 

0.98 

(0.00). 

6.31 

(0.68) 

0.99 

(0.00) 

k 

0.62 

(0.11) 

0.06 

(0.06) 

0.60 

(0.10) 

0.06 

(0.06) 

0.57 

(0.10) 

0.05 

(0.06) 

n 

1.02 

(0.11) 

0.98 

(0.00) 

1.03 

(0.11) 

0.98 

(0.00) 

1.05 

(0.11) 

0.99 

(0.00) 

p 

1.20 

(0.13) 

0.99 

(0.00) 

1.18 

(0.13) 

0.99 

(0.00) 

1.16 

(0.13) 

0.99 

(0.00) 

cte  0.01246  0.01239  0.01232 

(d)  n=0. 39+0.2 1 log(X.)-0.006k  n=0.39+0.221og(X)-0.005k  n=0.39+0.221og(A.)-0.004k 

i=0.48+ 1 ,331og(X)-0.02  lk  i=0.5 1 + 1 ,431og(X)-0.0 1 6k  i=0.54+ 1 ,541og(X)-0.0 1 2k 


y 

2.18 

(0.24) 

1.00 

(0.00) 

2.18 

(0.24) 

1.00 

(0.00) 

2.18 

(0.24) 

1.00 

(0.00) 

c 

0.82 

(0.12) 

0.94 

(0.02) 

0.80 

(0.12) 

0.94 

(0.02) 

0.77 

(0.12) 

0.94 

(0.02) 

i 

8.10 

(0.90) 

0.98 

(0.00) 

6.98 

(0.77) 

0.99 

(0.00) 

6.08 

(0.66) 

0.99 

(0.00) 

k 

0.60 

(0.10) 

0.05 

(0.06) 

0.58 

(0.11) 

0.04 

(0.06) 

0.56 

(0.10) 

0.04 

(0.06) 

n 

0.96 

(0.10) 

0.98 

(0.00) 

0.97 

(0.11) 

0.99 

(0.00) 

0.99 

(0.11) 

0.99 

(0.00) 

P 

1.25 

(0.14) 

0.99 

(0.00) 

1.23 

(0.14) 

0.99 

(0.00) 

1.21 

(0.13) 

0.99 

(0.00) 

a£  0.01276  0.01270  0.01262 

(d)  n=0.38+0.201og(A.)-0.005k  n=0.38+0.201og(X)-0.004k  n=0.38+0.211og(?0-0.003k 

i=0.42+ 1 ,241og(X)-0.0 1 5k  i=0.45+ 1 .341og(X)-0.0 1 1 k i=0.48+ 1 ,451og(X)-0.007k 


Column  (a)  are  the  standard  deviations  of  the  variables. 

Column  (b)  are  the  correlations  of  the  variables  with  output. 

Row  (d)  are  the  decision  rules. 

Within  the  ( ) are  the  sample  standard  deviations  of  the  statistics. 

n*  is  the  steady  state  working  hours,  p is  the  productivity  (output  divided  by  hours). 
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Table  3.24 

Results  of  Simulations 


n*=0.33,  0=0.38, 

y=0.95 

5=0.0225 
r|  =0.3888 
(a) 

[3=0.98 

(b) 

5=0.025 
T)  =0.37765 
(a) 

[3=0.985 

(b) 

5=0.0275 
T)  =0.36454 
(a) 

(3=0.99 

(b) 

y 

c 

p=0.5  k 
n 
P 

2.18  (0.24) 
0.67  (0.12) 
9.61  (1.11) 
0.70  (0.12) 
1.20  (0.13) 
1.07  (0.13) 

1.00  (0.00) 
0.69  (0.07) 
0.97  (0.01) 
0.12  (0.06) 
0.97  (0.01) 
0.96  (0.01) 

2.18  (0.24) 
0.63  (0.11) 

8.19  (0.92) 
0.67  (0.11) 
1.22  (0.13) 
1.04  (0.12) 

1.00  (0.00) 
0.68  (0.08) 
0.98  (0.01) 
0.11  (0.06) 
0.97  (0.01) 
0.96  (0.01) 

2.18  (0.24) 
0.60  (0.11) 
7.06  (0.78) 
0.65  (0.11) 
1.24  (0.13) 
1.02  (0.12) 

1.00  (0.00) 
0.66  (0.09) 
0.98  (0.01) 
0.10  (0.06) 
0.97  (0.01) 
0.96  (0.01) 

(d) 

0.01147 

n=0.44+0.271og(A.)-0.010k 

i=0.73+1.621og(X)-0.043k 

0.01139 

n=0.44+0.281og(X)-0.009k 

i=0.77+1.731og(X)-0.037k 

0.01130 

n=0.44+0.291og(A.)-0.008k 

i=0.80+1.861og(X)-0.031k 

y 

c 

p=l  k 
n 
P 

2.18  (0.24) 
0.77  (0.12) 
8.61  (0.99) 
0.64  (0.11) 
1.04  (0.11) 

1.19  (0.14) 

1.00  (0.00) 
0.88  (0.03) 
0.98  (0.01) 
0.09  (0.06) 
0.97  (0.01) 
0.98  (0.01) 

2.18  (0.24) 
0.74  (0.12) 
7.39  (0.83) 
0.62  (0.11) 
1.05  (0.11) 
1.17  (0.13) 

1.00  (0.00) 
0.87  (0.04) 
0.98  (0.00) 
0.08  (0.06) 
0.98  (0.01) 
0.98  (0.00) 

2.18  (0.24) 
0.71  (0.12) 
6.41  (0.71) 
0.60  (0.10) 
1.07  (0.12) 
1.15  (0.13) 

1.00  (0.00) 
0.87  (0.04) 
0.98  (0.00) 
0.07  (0.06) 
0.98  (0.00) 
0.98  (0.00) 

(d) 

0.01228 

n=0.41  +0.221ogrt.)-0.008k 
i=0.57+1.361og(X)-0.029k 

0.01221 

n=0.4 1 +0.231og(A.)-0.007k 
i=0. 60+ 1 .461og(X)-0.024k 

0.01213 

n=0.40+0.231og(A.)-0.006k 

i=0.64+1.571og(X)-0.019k 

y 

c 

p=1.5  k 
n 
P 

2.18  (0.24) 
0.86  (0.13) 
8.04  (0.93) 
0.60  (0.10) 
0.94  (0.10) 
1.27  (0.14) 

1.00  (0.00) 
0.93  (0.02) 
0.98  (0.01) 
0.07  (0.06) 
0.98  (0.00) 
0.99  (0.00) 

2.18  (0.24) 
0.84  (0.13) 
6.93  (0.79) 
0.59  (0.10) 
0.96  (0.10) 
1.25  (0.14) 

1.00  (0.00) 
0.94  (0.02) 
0.99  (0.00) 
0.07  (0.07) 
0.98  (0.00) 
0.99  (0.00) 

2.18  (0.24) 
0.81  (0.13) 
6.04  (0.67) 
0.57  (0.10) 
0.98  (0.11) 
1.23  (0.14) 

1.00  (0.00) 
0.93  (0.02) 
0.99  (0.00) 
0.06  (0.06) 
0.98  (0.00) 
0.99  (0.00) 

(d) 

0.01276 

n=0.39+0. 191og(A.)-0.006k 
i=0.48+1.221og(X)-0.021k 

0.01269 

n=0.39+0.201og(X)-0.005k 
i=0.51  + 1.321og(X)-0.016k 

0.01261 

n=0.39+0.201og(X)-0.004k 

i=0.54+1.431og(X)-0.012k 

y 

c 

i 

p= 2 k 
n 
P 

2.18  (0.24) 
0.93  (0.14) 
7.67  (0.89) 
0.58  (0.10) 
0.88  (0.10) 
1.32  (0.15) 

1.00  (0.00) 
0.96  (0.01) 
0.98  (0.00) 
0.06  (0.06) 
0.98  (0.00) 
0.99  (0.00) 

2.18  (0.24) 
0.91  (0.14) 
6.63  (0.76) 
0.57  (0.10) 
0.90  (0.10) 
1.30  (0.15) 

1.00  (0.00) 
0.96  (0.01) 
0.99  (0.00) 
0.05  (0.06) 
0.98  (0.00) 
0.99  (0.00) 

2.18  (0.24) 
0.88  (0.14) 
5.80  (0.65) 
0.55  (0.10) 
0.92  (0.10) 
1.28  (0.14) 

1.00  (0.00) 
0.95  (0.02) 
0.99  (0.00) 
0.05  (0.06) 
0.99  (0.00) 
0.99  (0.00) 

aE  0.01306  0.01300  0.01292 

(d)  n=0.38+0. 1 81og(X)-0.005k  n=0.38+0.181og(A.)-0.004k  n=0.38+0.191og(A.)-0.003k 

i=0.42+1.141og(X)-0.015k  i=0.45+1.231og(X)-0.01  lk  i=0.48+1.341og(X)-0.007k 


Column  (a)  are  the  standard  deviations  of  the  variables. 

Column  (b)  are  the  correlations  of  the  variables  with  output. 

Row  (d)  are  the  decision  rules. 

Within  the  ( ) are  the  sample  standard  deviations  of  the  statistics. 

n*  is  the  steady  state  working  hours,  p is  the  productivity  (output  divided  by  output). 
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Table  3.25 

Results  of  Simulations 


n*=0.33,  9=0.40,  y=0.90 


6=0.0225 

11=0.39345 

(a) 

(3=0.98 

(b) 

6=0.025 

11=0.38150 

(a) 

|3=0.985 

(b) 

6=0.0275 
r|  =0.36740 
(a) 

P=0.99 

(b) 

y 

c 

p=0.5  k 
n 
P 

2.18  (0.24) 
0.55  (0.10) 
9.85  (1.10) 
0.69  (0.11) 
1.33  (0.14) 
0.95  (0.11) 

1.00  (0.00) 
0.47  (0.07) 
0.97  (0.01) 
0.09  (0.06) 
0.97  (0.01) 
0.94  (0.01) 

2.18  (0.24) 
0.51  (0.09) 
8.38  (0.92) 
0.65  (0.11) 
1.35  (0.15) 
0.92  (0.11) 

1.00  (0.00) 
0.43  (0.08) 
0.98  (0.00) 
0.08  (0.06) 
0.97  (0.01) 
0.95  (0.01) 

2.18  (0.23) 
0.48  (0.08) 

7.19  (0.73) 
0.62  (0.11) 
1.37  (0.14) 
0.88  (0.10) 

1.00  (0.00) 
0.38  (0.10) 
0.98  (0.00) 
0.07  (0.06) 
0.98  (0.01) 
0.95  (0.10) 

(d) 

0.01122 

n=0. 44+0.3  llog(A.)-0.008k 
i=0.84+2.121og(X)-0.039k 

0.01112 

n=0.44+0.321og(X)-0.007k 

i=0.88+2.271og(X)-0.033k 

0.01102 

n=0.44+0.331og(A.)-0.006k 

i=0.92+2.441og(X)-0.027k 

y 

c 

i 

p=l  k 
n 
P 

2.18  (0.24) 
0.61  (0.09) 
8.90  (0.98) 
0.63  (0.11) 
1.17  (0.13) 
1.07  (0.12) 

1.00  (0.00) 
0.79  (0.04) 
0.98  (0.00) 
0.07  (0.06) 
0.98  (0.01) 
0.97  (0.00) 

2.18  (0.24) 
0.58  (0.09) 
7.61  (0.82) 
0.60  (0.10) 

1.18  (0.13) 
1.04  (0.12) 

1.00  (0.00) 
0.78  (0.05) 
0.99  (0.00) 
0.06  (0.06) 
0.98  (0.00) 
0.98  (0.00) 

2.18  (0.24) 
0.54  (0.09) 
6.57  (0.70) 
0.58  (0.10) 
1.20  (0.13) 
1.02  (0.12) 

1.00  (0.00) 
0.77  (0.05) 
0.99  (0.00) 
0.05  (0.06) 
0.98  (0.00) 
0.98  (0.00) 

(d) 

0.01202 

n=0.4 1 +0.261og(A.)-0.006k 
i=0.66+1.801og(X)-0.026k 

0.01194 

n=0.4 1 +0.261og(A.)-0.005k 
i=0.69+ 1 ,921og(X)-0.02 1 k 

0.01186 

n=0.4 1 +0.271og(A.)-0.004k 
i=0.73+2.071og(X)-0.016k 

y 

c 

p=1.5  k 
n 
P 

2.18  (0.24) 
0.68  (0.10) 
8.37  (0.92) 
0.60  (0.10) 
1.08  (0.12) 
1.14  (0.13) 

1.00  (0.00) 
0.89  (0.03) 
0.98  (0.00) 
0.05  (0.06) 
0.98  (0.00) 
0.98  (0.00) 

2.18  (0.24) 
0.66  (0.10) 

7.18  (0.77) 
0.57  (0.10) 
1.09  (0.12) 
1.12  (0.12) 

1.00  (0.00) 
0.89  (0.03) 
0.99  (0.00) 
0.04  (0.06) 
0.98  (0.00) 
0.99  (0.00) 

2.18  (0.24) 
0.63  (0.10) 
6.22  (0.66) 
0.55  (0.09) 
1.11  (0.12) 
1.10  (0.12) 

1.00  (0.00) 
0.89  (0.03) 
0.99  (0.00) 
0.03  (0.06) 
0.99  (0.00) 
0.99  (0.00) 

a? 

(d) 

0.01248 

n=0.39+0.231og(X)-0.005k 

i=0.55+1.631og(X)-0.018k 

0.01241 

n=0.39+0.231og(A.)-0.004k 

i=0.58+1.751og(X)-0.014k 

0.01234 

n=0.39+0.241og(A.)-0.003k 

i=0.62+1.891og(X)-0.009k 

y 

c 

p=2  k 
n 
P 

2.18  (0.24) 
0.74  (0.10) 
8.03  (0.88) 
0.58  (0.10) 
1.02  (0.11) 

1.19  (0.13) 

1.00  (0.00) 
0.93  (0.02) 
0.99  (0.00) 
0.04  (0.06) 
0.99  (0.00) 
0.99  (0.00) 

2.18  (0.24) 
0.72  (0.10) 
6.90  (0.74) 
0.56  (0.09) 
1.03  (0.11) 
1.17  (0.13) 

1.00  (0.00) 
0.93  (0.02) 
0.99  (0.00) 
0.03  (0.06) 
0.99  (0.00) 
0.99  (0.00) 

2.18  (0.24) 
0.69  (0.10) 
5.99  (0.64) 
0.53  (0.09) 
1.05  (0.11) 
1.16  (0.13) 

1.00  (0.00) 
0.93  (0.02) 
0.99  (0.00) 
0.02  (0.06) 
0.99  (0.00) 
0.99  (0.00) 

(d) 

0.01277 

n=0.38+0.211og(?i)-0.004k 

i=0.48+1.53Iog(X)-0.013k 

0.01271 

n=0.38+0.221og(A.)-0.003k 

i=0.51+1.651og(X)-0.009k 

0.01264 

n=0.37+0.221og(A.)-0.003k 

i=0.55+1.781og(X)-0.005k 

Column  (a)  are  the  standard  deviations  of  the  variables. 

Column  (b)  are  the  correlations  of  the  variables  with  output. 

Row  (d)  are  the  decision  rules. 

Within  the  ( ) are  the  sample  standard  deviations  of  the  statistics. 

n*  is  the  steady  state  working  hours,  p is  the  productivity  (output  divided  by  hours). 
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Table  3.26 

Results  of  Simulations 


n*=0.33. 

6=0.40, 

7=0.925 

5=0.0225 
T)  =0.39345 
(a) 

[3=0.98 

(b) 

5=0.025  | 

ri  =0.38150 
(a) 

3=0.985 

(b) 

6=0.0275 
r|  =0.36740 

(a) 

(3=0.99 

(b) 

y 

c 

p=0.5  k 
n 
P 

2.18  (0.24) 
0.59  (0.10) 
9.59  (1.08) 
0.69  (0.12) 
1.28  (0.14) 
0.99  (0.12) 

1.00  (0.00) 
0.57  (0.07) 
0.97  (0.01) 
0.10  (0.06) 
0.97  (0.01) 
0.95  (0.01) 

2.18  (0.24) 
0.55  (0.10) 
8.17  (0.90) 
0.66  (0.11) 
1.30  (0.14) 
0.96  (0.11) 

1.00  (0.00) 
0.54  (0.08) 
0.98  (0.00) 
0.09  (0.06) 
0.97  (0.01) 
0.95  (0.01) 

2.18  (0.24) 
0.52  (0.09) 
7.03  (0.76) 
0.63  (0.11) 
1.32  (0.14) 
0.93  (0.11) 

1.00  (0.00) 
0.50  (0.10) 
0.98  (0.00) 
0.08  (0.06) 
0.98  (0.01) 
0.95  (0.01) 

(d) 

0.01132 

n=0.44+0.301og(A.)-0.008k 

i=0.84+2.031og(X)-0.039k 

0.01124 

n=0.44+0.301og(\)-0.007k 

i=0.88+2.171og(X)-0.033k 

0.01114 

n =0.44+0.31  log(  A.)-0.006k 
i=0.92+2.331og(A.)-0.027k 

y 

c 

p=l  k 
n 
P 

2.18  (0.24) 
0.67  (0.11) 
8.64  (0.97) 
0.63  (0.11) 
1.12  (0.12) 
1.11  (0.13) 

1.00  (0.00) 
0.83  (0.04) 
0.98  (0.00) 
0.08  (0.06) 
0.98  (0.01) 
0.98  (0.00) 

2.18  (0.24) 
0.64  (0.10) 
7.40  (0.81) 
0.61  (0.10) 
1.14  (0.12) 
1.09  (0.12) 

1.00  (0.00) 
0.82  (0.04) 
0.98  (0.00) 
0.07  (0.06) 
0.98  (0.00) 
0.98  (0.00) 

2.18  (0.24) 
0.61  (0.10) 
6.41  (0.69) 
0.58  (0.10) 
1.15  (0.13) 
1.07  (0.12) 

1.00  (0.00) 
0.81  (0.05) 
0.99  (0.00) 
0.06  (0.06) 
0.98  (0.00) 
0.98  (0.00) 

(d) 

0.01213 

n=0.41+0.241og(A.)-0.006k 
i=0.65+ 1.71  log(A.)-0.026k 

0.01205 

n=0.41+0.251og(V)-0.005k 
i=0.69+ 1 . 841og(A.)-0.02 1 k 

0.01197 

n=0.41+0.251og(X)-0.004k 
i=0.73+ 1.981og(A.)-0.0 16k 

y 

c 

p=1.5  k 
n 
P 

2.18  (0.24) 
0.75  (0.11) 
8.11  (0.90) 
0.60  (0.10) 
1.03  (0.11) 

1.19  (0.13) 

1.00  (0.00) 
0.91  (0.02) 
0.98  (0.00) 
0.06  (0.06) 
0.98  (0.00) 
0.99  (0.00) 

2.18  (0.24) 
0.72  (0.11) 
6.97  (0.76) 
0.58  (0.10) 
1.04  (0.11) 
1.17  (0.13) 

1.00  (0.00) 
0.91  (0.03) 
0.99  (0.00) 
0.05  (0.06) 
0.98  (0.00) 
0.99  (0.00) 

2.18  (0.25) 
0.70  (0.11) 
6.06  (0.66) 
0.55  (0.09) 
1.06  (0.12) 
1.15  (0.13) 

1.00  (0.00) 
0.90  (0.03) 
0.99  (0.00) 
0.04  (0.06) 
0.99  (0.00) 
0.99  (0.00) 

(d) 

0.01258 

n=0.39+0.211og(A.)-0.005k 

i=0.55+1.551og(A.)-0.018k 

0.01252 

n=0.39+0.221og(A.)-0.004k 

i=0.58+1.671og(X.)-0.014k 

0.01244 

n=0.39+0.221og(A.)-0.003k 

i=0.62+1.801og(X)-0.009k 

y 

c 

p= 2 k 
n 
P 

2.18  (0.24) 
0.81  (0.12) 
7.77  (0.87) 
0.58  (0.10) 
0.97  (0.11) 
1.24  (0.14) 

1.00  (0.00) 
0.94  (0.02) 
0.98  (0.00) 
0.05  (0.06) 
0.98  (0.00) 
0.99  (0.00) 

2.18  (0.24) 
0.79  (0.12) 
6.70  (0.73) 
0.56  (0.10) 
0.98  (0.11) 
1.22  (0.14) 

1.00  (0.00) 
0.94  (0.02) 
0.99  (0.00) 
0.04  (0.06) 
0.99  (0.00) 
0.99  (0.00) 

2.18  (0.24) 
0.76  (0.12) 
5.84  (0.63) 
0.54  (0.09) 
1.00  (0.11) 
1.20  (0.13) 

1.00  (0.00) 
0.94  (0.02) 
0.99  (0.00) 
0.03  (0.06) 
0.99  (0.00) 
0.99  (0.00) 

(d) 

0.01288 

n=0.38+0.201og(A.)-0.004k 
1=0.48+1.45  log(A.)-0.013k 

0.01282 

n=0.38+0.201og()i)-0.003k 
i=0.5 1 + 1 ,571og(A.)-0.009k 

0.01275 

n=0.37+0.2 1 log(A.)-0.003k 
i=0.55+1.701og(X)-0.005k 

Column  (a)  are  the  standard  deviations  of  the  variables. 

Column  (b)  are  the  correlations  of  the  variables  with  output. 

Row  (d)  are  the  decision  rales. 

Within  the  ( ) are  the  sample  standard  deviations  of  the  statistics. 

n*  is  the  steady  state  working  hours,  p is  the  productivity  (output  divided  by  hours). 


100 


Table  3.27 
Results  of  Simulations 


n*=0.33,  6=0.40, 

Y=0.95 

5=0.0225 

0=0.39345 

(a) 

(3=0.98 

(b) 

5=0.025 
r|  =0.38150 
(a) 

(3=0.985 

(b) 

5=0.0275 
T)  =0.36740 
(a) 

(3=0.99 

(b) 

y 

c 

p=0.5  k 
n 
P 

2.18  (0.24) 
0.65  (0.11) 
9.24  (1.06) 
0.68  (0.12) 
1.21  (0.13) 
1.05  (0.13) 

1.00  (0.00) 
0.67  (0.08) 
0.97  (0.01) 
0.11  (0.06) 
0.97  (0.01) 
0.96  (0.01) 

2.18  (0.24) 
0.62  (0.11) 
7.87  (0.88) 
0.65  (0.11) 
1.23  (0.14) 
1.03  (0.12) 

1.00  (0.00) 
0.65  (0.09) 
0.98  (0.01) 
0.10  (0.06) 
0.97  (0.01) 
0.96  (0.01) 

2.18  (0.24) 
0.58  (0.11) 
6.78  (0.75) 
0.63  (0.11) 
1.25  (0.14) 
1.00  (0.12) 

1.00  (0.00) 
0.63  (0.11) 
0.98  (0.00) 
0.09  (0.06) 
0.97  (0.01) 
0.96  (0.01) 

(d) 

0.01158 

n=0.44+0.271og(A.)-0.008k 
i=0.84+ 1 . 891og(X)-0.039k 

0.01151 

n=0.44+0.281og(A.)-0.007k 

i=0.88+2.031og(X)-0.033k 

0.01142 

n=0.44+0.291og(X)-0.006k 
i=0.92+2. 1 81og(X)-0.027k 

y 

c 

p=l  k 
n 
P 

2.18  (0.24) 
0.76  (0.12) 
8.27  (0.95) 
0.62  (0.11) 
1.05  (0.11) 

1.18  (0.13) 

1.00  (0.00) 
0.87(0.04) 
0.98  (0.01) 
0.09  (0.06) 
0.98  (0.01) 
0.98  (0.00) 

2.18  (0.24) 
0.73  (0.12) 
7.10  (0.79) 
0.60  (0.10) 
1.07  (0.12) 
1.16  (0.13) 

1.00  (0.00) 
0.87  (0.04) 
0.98  (0.00) 
0.08  (0.06) 
0.98  (0.01) 
0.98  (0.00) 

2.18  (0.24) 
0.70  (0.13) 
6.16  (0.68) 
0.58  (0.10) 
1.08  (0.11) 
1.14  (0.13) 

1.00  (0.00) 
0.86  (0.05) 
0.99  (0.00) 
0.07  (0.06) 
0.98  (0.00) 
0.98  (0.00) 

(d) 

0.01239 

n=0.41+0.221og(A.)-0.006k 

i=0.66+1.591og(X)-0.026k 

0.01232 

n=0.41+0.231og(A.)-0.005k 
i=0.69+ 1.71  log(X)-0.02  lk 

0.01225 

n=0.41+0.231og(A.)-0.004k 

i=0.73+1.851og(X)-0.016k 

y 

c 

u=1.5  k 
n 
P 

2.18  (0.24) 
0.85  (0.13) 
7.73  (0.89) 
0.59  (0.10) 
0.96  (0.10) 
1.26  (0.14) 

1.00  (0.00) 
0.93  (0.02) 
0.98  (0.00) 
0.07  (0.06) 
0.98  (0.00) 
0.99  (0.00) 

2.18  (0.24) 
0.82  (0.14) 
6.66  (0.75) 
0.57  (0.10) 
0.97  (0.11) 
1.24  (0.14) 

1.00  (0.00) 
0.94  (0.02) 
0.99  (0.00) 
0.06  (0.07) 
0.99  (0.00) 
0.99  (0.00) 

2.18  (0.24) 
0.80  (0.14) 
5.81  (0.65) 
0.55  (0.09) 
0.99  (0.11) 
1.22  (0.14) 

1.00  (0.00) 
0.93  (0.03) 
0.99  (0.00) 
0.05  (0.07) 
0.98  (0.00) 
0.99  (0.00) 

ot 

(d) 

0.01286 

n=0.39+0. 191og(A.)-0.005k 
i=0.55+1.431og(X)-0.018k 

0.01280 

n=0.39+0.201og(A.)-0.004k 

i=0.58+1.551og(X)-0.014k 

0.01272 

n=0.39+0.201og(A.)-0.003k 
i =0.62+1. 68  log(A.)-0.001k 

y 

c 

u=2  k 
n 
P 

2.18  (0.24) 
0.92  (0.14) 
7.37  (0.86) 
0.56  (0.10) 
0.89  (0.10) 
1.31  (0.15) 

1.00  (0.00) 
0.95  (0.01) 
0.98  (0.00) 
0.05  (0.06) 
0.98  (0.00) 
0.99  (0.00) 

2.18  (0.24) 
0.89  (0.14) 
6.38  (0.73) 
0.55  (0.09) 
0.91  (0.10) 
1.29  (0.14) 

1.00  (0.00) 
0.95  (0.02) 
0.99  (0.00) 
0.05  (0.06) 
0.99  (0.00) 
0.99  (0.00) 

2.18  (0.24) 
0.87  (0.15) 
5.58  (0.63) 
0.53  (0.09) 
0.93  (0.10) 
1.27  (0.14) 

1.00  (0.00) 
0.95  (0.02) 
0.99  (0.00) 
0.04  (0.06) 
0.99  (0.00) 
0.99  (0.00) 

(d) 

0.01317 

n=0. 38+0. 181og(A.)-0. 004k 
i=0.48+1.341og(X)-0.013k 

0.01310 

n=0.38+0.181og(A.)-0.003k 

i=0.51+1.451og(X)-0.009k 

0.01303 

n=0. 37+0. 191og(A.)-0. 003k 
i=0.55+1.581og(X)-0.005k 

Column  (a)  are  the  standard  deviations  of  the  variables. 

Column  (b)  are  the  correlations  of  the  variables  with  output. 

Row  (d)  are  the  decision  rules. 

Within  the  ( ) are  the  sample  standard  deviations  of  the  statistics. 

n*  is  the  steady  state  working  hours,  p is  the  productivity  (output  divided  by  hours). 
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Table  3.28t 


Series 

Quarterly  U.S.  Time  Series* 
(57.1  ~ 88.4) 

Studied  Model** 

(a) 

(b) 

(a) 

(b) 

output 

2.18 

1.00 

lowest  (highest) 
2.18  (2.18) 

lowest  (highest) 
1.00  (1.00) 

consumption 

1.22 

0.77 

0.47  (0.94) 

0.38  (0.96) 

Investment 

5.53 

0.92 

5.58  (10.78) 

0.97  (0.99) 

Hours 

1.55 

0.85 

0.87  (1.47) 

0.96  (0.99) 

Capital  stock 

0.38 

0.28 

0.53  (0.74) 

0.02  (0.12) 

+ Column  <a)s  are  the  standard  deviations  of  the  variables;  Column  (b)s  are  the  correlations  of  the  variables 
with  output. 

The  data  set  provided  by  Mark  Watson  does  not  include  the  capital  stock.  We  use  the  corresponding  two 
statistics  of  capital  from  Cooley  and  Hansen  (1989)  (55.3  - 84.1)  as  reference. 

**  The  report  results  are  respective  the  lowest  and  highest  values  of  the  corresponding  statistics  among  the 
simulation  results  from  model’s  324  different  calibrations. 
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Table  3.29^ 


Series 


U.S 


Min  n (0.2914)  Max  n (1.3312) 


(a) 

(b) 

(a) 

(b) 

(c) 

(a) 

(b) 

(c) 

output 

2.18 

1.00 

2.18 

1.00 

3.10 

2.18 

1.00 

3.10 

consumption 

1.22 

0.77 

0.80 

0.92 

1.50 

0.57 

0.53 

1.40 

investment 

5.53 

0.92 

6.08 

0.99 

8.24 

10.79 

0.97 

12.16 

employment 

1.55 

0.85 

1.07 

0.98 

1.89 

1.30 

0.97 

2.03 

Calibrations  p=  1.50,5=0.0275.  (3=0.99  u=0.50,  5=0.0225.  3=0.98 

0=0.38.  y=0.95,  T)  =0.3064,  0=0.36,  y=0.90,  ti=0.3843 
cte=0.01215.  cte=0.01092. 


@ Column  (a)s  are  standard  deviations,  column  (b)s  are  correlations  with  output,  column  (c)s  are  the  standard 
deviations  of  Watson  residuals. 


CHAPTER  4 


FILTERING  METHODOLOGY  AND  FIT  IN  DYNAMIC 
BUSINESS  CYCLE  MODELS 

4,1  Introduction 

Two  main  research  topics  in  macroeconomics  and  monetary  economics  are 
economic  growth  and  business  cycles.  For  ease,  most  economists  try  to  separate  those  two 
parts  of  the  data.  Although  theoretically  we  can  always  define  "growth"  and  "cycle"  so 
that  they  are  distinguishable,  as  a practical  matter  it  is  difficult  to  distinguish  them  in  an 
empirical  study.  Lucas  (1977)  defined  the  business-cycle  phenomena  as  the  recurrent 
fluctuation  of  output  about  trend  and  co-movements  among  other  aggregate  time  series. 
Fluctuations,  are  by  definition,  deviations  from  some  slowly  varying  path.  Since  this 
slowly  varying  path  increases  monotonically  over  time,  Prescott  (1986)  labeled  it  the 
growth  part  of  a changing  economy.  He  claimed  that  this  trend  is  neither  a measure  nor 
an  estimate  of  the  unconditional  mean  of  some  stochastic  process.  In  his  view,  it  is  best 
defined  by  some  computational  procedure  used  to  fit  a smooth  curve  through  the  data. 

Generally  two  methods  are  used  to  divide  the  data  into  a business  cycle  part  and 
a growth  part.  The  first  technique  simply  differences  the  data,  that  is,  it  uses  a difference 
filter.  In  this  case,  the  resulting  data  are  usually  stationary  and  these  data  are  taken  as 
reflecting  all  the  statistical  properties  of  the  business  cycle  component  of  the  data.  The 
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second  method  uses  a more  sophisticated  filter  to  remove  the  low  frequency  (trend) 
component  of  the  data.  The  most  popular  filter  used  for  this  purpose  is  the  HP  filter.  The 
HP  filter  was  first  introduced  by  Hodrick  and  Prescott  (1980)’s  seminal  paper,  which 
though  unpublished,  is  widely  cited.  In  that  paper,  the  authors’  original  purpose  was  to 
decompose  macro-time  series  into  a growth  (or  trend)  component  and  a cyclical 
component  The  basic  idea  is  that  without  very  much  prior  knowledge  about  the  time 
series  characteristics  of  the  data,  the  growth  component  should  be  the  "smooth"  part  of 
the  data.  According  to  this  point  of  view,  they  used  a moving  average  method  to  smooth 
the  data,  with  a parameter  X,  designed  to  be  set  by  the  researcher  to  "penalize"  variability 
in  the  growth  component  series.  Essentially  X specifies  how  smooth  the  growth 
component  will  be.  After  the  growth  component  is  identified,  the  cyclical  component  is 
defined  as  the  residual  between  the  actual  data  and  estimated  growth  component.  While 
the  paper  provided  a new  method  to  decompose  nonstationary  macro-time  series  data,  the 
properties  of  this  filter  could  not  be  clearly  seen. 

The  first  use  of  the  HP  filter  was  by  Kydland  and  Prescott  (1982)  in  their 
pioneering  RBC  paper.  This  paper  has  led  to  vast  and  burgeoning  literature.  Hansen 
(1985),  for  instance,  modifies  the  basic  Kydland-Prescott  model  by  simplifying  it  a bit 
and  introducing  the  idea  of  an  indivisible  labor  input.  Cooley  and  Hansen  (1989) 
introduce  money  into  this  class  of  models  by  utilizing  a cash-in-advance  constraint. 
Christiano  and  Eichenbaum  (1992)  modify  the  prototypical  model  by  introducing 
government  expenditure.  Kim  and  Loungani  (1992)  incorporate  effects  from  oil  prices. 
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Other  related  work  includes  Cho  (1990),  Cho  and  Cooley  (1992),  Bils  and  Cho  (1993), 
and  Cho  and  Phaneuf  (1992). 38 

Most  of  the  work  following  Kydland  and  Prescott  has  shared  one  common  factor: 
both  the  data  from  the  real  world  and  the  model-generated  data  are  filtered  through  an 
HP  filter.  It  certainly  makes  sense  to  filter  nonstationary  real-world  data  (like  output, 
consumption  and  investment)  because  their  standard  deviations  must  be  calculated. 
Without  filtering,  due  to  the  nonstationary  nature  of  the  data,  these  statistics  would  be  a 
function  of  time,  so  it  would  be  nonsensical  to  compare  them  with  anything.  But,  if  we 
only  need  to  ensure  that  the  data  are  stationary,  filtering  stationary  real-world  data  (like 
working  hours)  and  model-generated  data  seems  problematic.  Since  the  simulated  data 
are,  by  construction,  nonlinear  functions  of  a white  noise  and  sample  sizes  are  small,  it 
is  very  difficult  to  test  their  stationarity.  Therefore,  without  having  enough  information 
about  the  simulated  data,  filtering  some  U.S  data  series  and  the  simulated  series  might 
lead  to  an  "over-differencing"  problem,  which  we  discuss  in  the  next  section. 

While  it  is  not  easy  to  understand  this  filtering  methodology  in  the  time  domain, 
Prescott  (1986)  offers  an  explanation  based  on  the  frequency  domain.  He  suggests  that 
attaining  stationarity  is  not  the  whole  purpose  of  using  the  HP  filter.  Instead,  by  adjusting 
the  parameter  X,  the  HP  filter  can  remove  or  reduce  components  of  a time  series  below 


38  All  these  papers  concentrated  on  the  business  cycle  properties  of  the  model.  In 
contrast,  King,  Plosser,  and  Rebelo  (1988  I,  II)  examined  the  trend  properties.  Influenced 
by  Engle  and  Granger  (1987),  their  model  emphasized  the  point  that  output,  consumption, 
effective  labor  input,  capital,  and  investment  should  all  have  the  same  growth  rate;  that 
is,  they  all  should  share  a common  trend. 
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any  specific  frequency.  This  is  a very  attractive  view,  because  it  is  difficult  to  isolate  the 
cyclical  movement  from  trend  in  the  time  domain  if  the  trend  is  not  deterministic.  For 
instance.  Stock  and  Watson  (1988)  point  out  that  if  we  decompose  a (yt)  series  into  trend 
part  (ytT)  and  stationary  part  (yts),  the  correlation  between  the  trend  and  stationary 
innovations  is  purely  a matter  of  a priori  beliefs,  and  different  time  series  models  can  be 
estimated  based  on  corresponding  beliefs.  The  observational  equivalence  of  these  different 
models,  for  instance,  ARIMA  and  UCARIMA,  reflecting  only  different  beliefs,  suggests 
a notable  advantage  of  frequency  analysis:  in  the  frequency  domain,  we  can  use  filters, 
such  as  the  HP  filter  suggested  by  Hodrick  and  Prescott,  to  unambiguously  define  and 
remove  a trend  by  removing  or  reducing  power  below  some  desired  frequency.  Prescott, 
for  example,  suggests  that  the  choice  of  X=  1 600  removes  all  the  components  in  any  time 
series  which  generate  changes  whose  frequencies  are  lower  than  7t/16,  that  is,  the  cycles 
of  the  changes  are  longer  than  8 years. 

For  business  cycle  research  our  interest  is  in  the  short-run  dynamics  of  economy, 
therefore,  the  analysis  should  focus  on  the  high  frequency  fluctuations  of  the  important 
macroeconomic  time  series.  For  nonstationary  macroeconomic  time  series,  what  we  need 
is  to  extract  the  high  frequency  components  from  the  nonstationary  series  rather  than  from 
their  first  differenced  processes,  since  difference-detrending  method  would  distort  this 
short-run  dynamics.  For  example,  the  high  frequency  components  of  the  GNP  process  is 
different  from  that  of  the  "technology  shock"  which  is  usually  defined  as  the  first 
difference  of  the  GNP  series.  Here,  a major  advantage  of  the  HP  filter  is  that  it  is  trend 
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specification  free. 

Since  the  HP  filter  was  introduced  and  widely  applied  in  business  cycle  study, 
there  was  a very  limited  literature  investigating  its  theoretic  and  empirical  properties  until 
King  and  Rebelo  (1993)  appeared.  In  that  paper.  King  and  Rebelo  study  the  HP  filter  by 
deriving  its  gain  function.  Their  work  is  highly  valuable,  because  it  gives  us  important 
theoretic  insights  into  the  HP  filter.  We  are  still  left  with  some  empirical  issues,  such  as: 
( 1 ) How  efficiently  does  the  HP  filter  remove  the  low  frequency  components,  as  defined 
by  Prescott  (1986);  (2)  What  is  the  impact  of  the  conventional  method  of  filtering  both 
the  real  data  and  artificial  data?;  and,  (3)  How  does  the  efficiency  change  when  the  HP 
filter  is  used  on  different  time  series,  e.g,  stationary  series,  nonstationary  series  without 
a deterministic  trend,  and  nonstationary  series  with  a deterministic  trend? 

In  this  paper,  we  empirically  investigate  some  of  these  questions.  We  then  propose 
a new  procedure  to  carry  out  Prescott’s  (1986)  belief  that  when  filtering  the  data,  the 
investigator  should  be  concerned  about  preserving  certain  frequencies  or  frequency  ranges. 
With  this  new  procedure,  we  can  check  the  fit  of  the  RBC  models  with  the  real  world 
data  not  only  in  the  frequency  band  suggested  by  Prescott  ( > n/ 16),  but  in  any  suggested 
frequency  band  width. 

In  section  II  we  analytically  describe  several  related  issues  of  filtering 
methodology,  briefly  review  basic  filtering  theory  in  the  time  and  frequency  domains,  and 
then  turn  to  their  applications  in  empirical  studies.  In  section  III,  we  design  a set  of 
Monte  Carlo  experiments  to  illustrate  a number  of  issues  which  affect  the  effectiveness 
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of  the  HP  filter.  In  section  IV,  a new  method  is  introduced  to  measure  the  variances  and 
covariances  contributed  by  only  high  frequency  fluctuations  of  time  series.  The  last 
section  gives  our  comments  on  the  results. 


4.2  Discussion  of  Current  Filtering  Methodology  in  Real  Real  Business  Cycle  Model 
4,2.1  The  HP  Filter  and  Related  Theory 
The  basic  HP  objective  function  is 


Min 


< yf  >; 


T 


r Vy,-yff  -yf) -O','-*?,)]2] 


(4.1) 


where  yt  is  the  data  series  and  y£t  is  the  growth  components  to  be  estimated.  From  the 
first  order  condition,  we  get  F(B)ygt  = yt,  where  B is  the  backward  operator  and  F(B)  = 
[X,(l-B)2(l-B  ‘)2  + l].39  To  analyze  the  properties  of  the  HP  filter.  King  and  Rebeio 
(1993)  derive  the  inverse  of  F(B),  F‘(B),40  which  is  the  HP  trend  filter.  From  this,  they 
get  the  analytic  form  of  the  HP  cyclical  filter  (1-F‘(B»: 


cm-  m-Mi-B-')2 

1+  X(l-B)2(l-B-‘)2 


Rewrite  above  representation  as: 


(4.2) 


39  For  the  details  of  how  this  result  is  derived,  see  King  and  Rebeio  (1993). 

40  For  the  details  of  why  F(B)  is  invertible  see  the  technical  appendix  of  King  and 
Rebeio  (1993). 
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C(B)= m-afti-n-')2 

-|-(1  -6,0(1  6,8X1 -0,8  -<X1  -6,8  -) 

(4.3) 

= 06  l~B  l~B  1~B~1  l~B'1 
1 2 1 -0jB  l-e^B  l-e^-1  l-e^-1 

where  0,  and  02  are  the  complex  roots  of  F(B).  From  (4.2)  and  (4.3),  it  is  clear  that  the 
HP  filter  differences  the  data,  but  it  is  hard  to  see  how  the  filter  changes  the  data. 
Therefore,  using  the  HP  filter  to  difference  time  series  may  create  an  "over-differencing" 
problem.  The  over-differencing  problem  is  that  applying  a difference  operator  to  a 
stationary  series  will  dramatically  change  the  statistical  properties  of  original  series, 
though  the  output  series  will  still  be  stationary41.  Concretely,  an  ARIMA(p,d,q)  series 
can  be  differenced  d times  to  get  stationary  ARMA(p,q)  series.  If  it  is  differenced  more 
than  d times,  the  result  is  not  an  ARMA(p,q)  stationary  series  but  some  other  series.  For 
instance,  an  ARMA(p,q)  process  yt  can  be  expressed  as 


gcg)e 

Mm  ' 


(4.4) 


where  0(B)  and  <|>(B)  are  polynomials  with  order  p and  q,  and  e,  is  white  noise.  The 


41  Another  issue  related  to  over-differencing  is  the  so-called  nonfundamental 
problem.  Following  Lippi  and  Reichlin’s  (1993)  definition  of  a nonfundamental  series, 
over-differencing  will  cause  a time  series  to  have  a pseudo-moving  average  component 
which  is  nonin vertible.  Therefore,  the  white  noise  component  of  the  series  will  not  be 
able  to  be  expressed  as  linear  function  of  current  and  past  realizations  of  the  observable 
random  variables.  The  consequence  is  that  it  is  intractable  to  detect  the  statistical 
properties  of  the  white  noise  (like  variance  etc.)  based  on  current  available  information 
in  conventional  time  series  theory.  In  this  case,  to  study  and  estimate  this  time  series  will 
be  very  difficult. 


stationary  condition  for  this  ARMA  series  is  that  all  roots  of  <f)(B)  lie  outside  of  unit 
circle.  If  this  series  is  differenced  n times,  the  new  series  will  be 


yt  = = 


(1  -m*  e(B)  c 


(4.5) 


This  new  series  is  still  stationary,  but  (l-B)n0(B)  has  n unit  roots  so  it  is  noninvertible. 
A noninvertible  can  not  be  written  as  a pure  AR  series,  then  conventional  estimation 
method  will  get  biased  result42.  If  we  know  a time  series  is  1(d),  we  will  not  difference 
it  more  than  d times.  But  not  knowing  for  sure  the  order  of  the  data,  and  also  not 
knowing  the  order  of  difference  to  which  the  HP  filter  corresponds  to,  the  over- 
differencing remains  a potential  pitfall.  Studying  the  HP  filter  in  the  time  domain  is  not 
easy,  so  we  can  turn  to  the  frequency  domain. 

In  the  frequency  domain,  a time  series  X(t)  which  is  absolutely  integrable  in  (-00 
00),  that  is: 


has  a Fourier  transformation,  Zx(co),  that  converges  in  t e (-00,  <*>),  where  Zx(w)  is  defined 


42  Choi  (1990)  and  Nelson  and  Plosser  (1982)  indicate  that  if  a time  series  has  a 
nontrivial  moving  average  part,  autoregression  will  generate  upward  biased  estimates. 
Once  a time  series  has  been  over-differenced,  one  might  not  be  able  to  reject  the  null 
hypothesis  that  the  series  is  nonstationary  by  unit-root  tests,  therefore,  more  difference 
operations  may  be  conducted. 


(4.6) 


as: 


Ill 


Zx( o)=  — f X(t)e  iu>tdt  (4.7) 

s/2n  . 

and  hence  we  can  get  the  spectrum  distribution  function  rx(co)  = ||  Z^co)  ||2.  When  X(t) 
is  a stationary  stochastic  process,  its  autocovariance  function  can  be  represented  as: 


y(t)  = f rx(w)eiz“da  (4-8) 


and  its  cross-covariance  generating  function  with  Y(t)  (also  stationary)  can  be  denoted 


7^00=  fE  (Zx(a>)Z^))eixado>  (4-9) 

-n 

In  many  cases,  a time  series  is  filtered  in  the  time  domain  by  some  filter  h(B),  and  if  the 
filter  satisfies  following  condition: 

h(B)=  E hjBJ  (4.10) 

— 00 

and 

E \hj\  < oo  (4.11) 

-00 

we  have  the  representation  of  this  filtering  relationship  between  input  series  X(t)  and 
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The  proof  of  (9)  is  found  in  Jenkins  and  Watts  (1968)  344-345. 
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output  series  Y(t)  in  the  frequency  domain  as: 


T(u)  = G(g>)G<u) 


(4.12) 


where  ry(co)  is  the  spectrum  distribution  function  of  output  series  Y(t)  and  T(co)  is  the 
transfer  function  of  the  filter  h(B).  T(co)  is  the  squared  norm  of  gain  function  G(co)  of  the 
filter  calculated  from: 


theoretically,  the  Fourier  transformation’s  convergence  for  a nonstationary  time  series  is 
not  guaranteed  in  (-<»,  «.)  since  (4.6)  may  not  be  satisfied  for  those  series.  But 
empirically,  we  can  do  a Fourier  transformation  for  any  time  series  since  in  a finite  (-T, 
T)  time  span,  the  sample  counterpart  of  (4.6)  is  always  finite.  Therefore  the  above  results 
can  be  borrowed  if  we  change  the  spectrum  distribution  functions  Tx(co)  and  ry(oo)  to  their 
sample  versions  f^co)  and  f («)  • 

Specializing  now  to  the  case  of  an  HP  filter,  King  and  Rebelo  derive  the  gain 
function  for  the  HP  filter44: 


44  It  is  easy  to  see  that  the  HP  filter  satisfies  (9)  and  (10)  from  King  and  Rebelo’s 
proof  that  F(B)  is  invertible. 


ry(a>)  = T(G>)rx(G>) 


(4.13) 


G(o)  = E hfM 


(4.14) 
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(4.15) 


It  is  well  known,  the  sample  spectrum  of  an  integrated  process  with  order  d,  f^c,))  , has 


the  approximate  shape  of  f^o)  ~ Ago 'm  when  co  approaches  to  zero  and  the  sample 
size  large  enough,  while  the  sample  spectrum  of  a stationary  series,  p (q)  , has  the 


It  is  easy  to  see  the  spectrum  distribution  function  of  output  series  from  the  HP  filter  will 
be: 


Rebelo  demonstrate,  the  HP  filter  renders  stationary  data  which  is  integrated  up  to  the 
fourth  order. 

Now,  we  turn  to  study  the  effect  of  the  HP  filter  on  high  frequency  components. 
We  define  these  as  frequencies  higher  than  jt/16,  so  that  their  corresponding  cycle  lengths 
are  shorter  than  8 years.  From  (4.15)  we  see  that  when  co  approaches  7t/2,  the  gain 
function  of  the  HP  filter  is  close  to  A\I{\+AX).  If  X is  large,  the  value  of  the  transfer 
function  of  the  HP  filter  will  be  very  close  to  1.  Therefore  the  high  frequency  components 
of  the  time  series  on  which  the  filter  is  used  are  untouched. 


property  of  p (q)  < <»  45-  Let  the  spectrum  of  the  input  series  be  f (co)=  f^w) 


.So,  like  King  and 


(4.16) 


45 


See  Engle  and  Granger  (1987). 
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Figure  4.1  draws  the  transfer  function  of  the  HP  filter  and  difference  filter  (1-B), 
which  also  is  widely  used  in  time  series  and  macroeconomic  studies.46  Figure  4. 1 shows 
that  the  transfer  functions  of  the  HP  filter  with  different  values  of  X and  the  first  order 
difference  filter  are  monotonically  increasing  in  (0,  Jt),  but  the  former  rises  much  faster 
in  the  early  stages  than  in  the  later  stages.  Once  the  value  of  the  HP  filter  transfer 
function  approaches  one,  it  becomes  very  stable.  This  property  is  extremely  useful  in 
preserving  high  frequency  components.  The  figure  also  shows  that  with  decreasing  X,  the 
HP  filter  transfer  function  shifts  to  the  right.  This  indicates  that  the  ability  of  HP  filter 
to  retain  high  frequency  components  varies  with  the  value  of  X.  Figure  4. 1 also  implies 
a worth  noting  fact  that  the  sample  periodogram  of  a difference-stationary  process  is 
different  from  the  frequency  distribution  of  its  first  differenced  process47. 

Table  4.1  lists  some  critical  values  of  the  HP  filter’s  transfer  function.  When  X is 
higher  than  10,000,  the  power  of  the  input  time  series  in  the  frequencies  between  7t/16 
and  ju/8  will  be  preserved  over  90%;  if  X=1600,  on  average  only  65%  of  the  power  of  the 
frequencies  between  7t/16  and  7t/l 2 will  be  retained;  and  taking  X=400  cuts  even  more 
high  frequency  components. 

In  contrast,  the  first  order  difference  filter  changes  the  power  of  almost  every 
frequency  component  of  the  time  series  it  is  working  on.  Indeed,  after  being  differenced, 
some  high  frequency  components  of  the  data  are  enlarged  up  to  four  times  of  their 

46  The  transfer  function  of  difference  filter  is  TD(co)  = 2[l-cos(co)]. 

Similar  comments  about  first-difference  filter  has  been  made  by  Baxter  (1994). 
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original  level.  Because  the  HP  filter  can  make  stationary  almost  any  data  series 
encountered  in  applied  work,  it  is  widely  used  in  real  business  cycle  models.  In  use,  the 
HP  filter  is  used  to  filter  out  the  low  frequency  components  (while  retaining  the  high 
frequency  components)  for  both  the  actual  and  the  simulated  economic  time  series  before 
calculating  variances  and  covariances.  We  can  see  two  possible  reasons  for  filtering  the 
simulated  data:  (1)  The  data  may  be  nonstationary;  and  (2)  even  if  stationary,  the  data 
may  contain  considerable  low  frequency  components  which  may  constitute  a large  part 
of  total  variance.  So,  when  trying  to  look  at  business  cycle  frequencies  it  may  not  be 
appropriate  to  be  content  with  a stationary  series  if  it  contains  a large  measure  of  low 
frequency  components. 

While  HP  filtering  stationary  series  is  legitimate,  as  a practical  matter  one  may 
imagine  that  using  the  same  filter  on  data  that  have  dramatically  different  time  series 
characteristics  is  questionable.  From  (4.13),  we  see  that  the  spectrum  of  output  series  not 
only  depends  on  the  filter’s  transfer  function,  but  also  on  the  spectrum  of  the  input  series. 
If  we  have  some  requirements  for  the  spectrum  of  the  output  series — such  as  little  or  no 
power  for  the  frequencies  below  certain  frequency — the  filter  should  be  designed  for  the 
specific  input  series.  Thus  there  is  no  unique  optimal  filter  which  will  perform  well  for 
all  input  series.  Hence  the  question  becomes  whether  the  RBC  models  can  generate  a data 
set  that  is  close  enough  to  the  real  world  data  to  allow  us  to  use  the  same  HP  filter  (here 
by  same  filter  we  mean  the  same  value  of  A,)  to  get  empirically  satisfactory  results.  In  the 
Kydland-Prescott  style  RBC  models,  X is  commonly  assigned  a value  of  1600  for 
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quarterly  data.  Since  picking  the  value  of  A.=  1600  is  arbitrary,  the  robustness  of  calculated 
standard  deviations  and  correlations  is  also  open  to  question. 

4.2.2  Results  From  An  RBC  Example  and  Actual  Data 

Here,  we  take  the  indivisible  labor  input  real  business  cycle  model  of  Hansen 
(1985)  as  a bench  mark  to  check  the  effect  of  HP  filtering.  We  briefly  describe  Hansen’s 
model  in  the  appendix.  To  be  comparable,  we  use  the  same  calibration  as  Hansen 
(1985)48,  which  is  widely  applied  in  RBC  literature. 

First,  we  check  the  effect  of  HP  filtering  U.S  data  graphically.  In  Figure  4.2.1  to 
4.2.4,  we  show  the  frequency  power  distributions  of  U.S  output,  consumption,  investment 
and  employment  data  before  and  after  HP  filtering.  Figure  4.2.1(a)  to  4.2.4(a)  provide  the 
power  distribution  of  all  frequencies.  We  see  that  for  output,  consumption  and  investment, 
when  their  frequencies  are  very  close  to  zero,  their  power  tends  to  grow  without  limit. 
This  indicates  that  those  time  series  are  nonstationary.  Employment,  however,  is  different. 
It’s  spectrum  declines  as  the  frequency  goes  to  zero,  which  is  indicative  of  stationarity. 
We  see  in  the  figures  that  the  HP  filter  effectively  cuts  the  low  frequency  components. 
But,  the  scale  of  the  figures  makes  it  hard  to  see  the  filter’s  effect  on  the  higher  frequency 
components.  Hence,  Figure  4.2.1(b)  to  4.2.4(b)  show  the  high  frequency  part  of  the 
spectra.  From  here  it  appears  that  the  HP  filter  not  only  reduces  low  frequency 

Because  our  data,  which  we  obtained  from  Mark  Watson,  extends  over  128  quarter 
rather  than  115  initially  used  by  Hansen,  we  had  to  enlarge  slightly  the  variance  of 
technology  shock  (from  0.00712  to  0.0089)  to  match  the  sample  standard  deviation  of 
output. 
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Figure  4.2.1(a)  Spectra  of  U.S.  Output  Series,  All  Frequencies  Figure  4.2.2(a)  Spectra  of  U.S.  Consumption  Series,  All  Frequencies 
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Figure  4.2.4(a)  Spectra  of  U.S.  Employment  Series,  All  Frequencies 
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u/li\  frequency  in  cycles  per  quarter 

4.2.1(b)  Spectra  of  U.S.  Output  Series,  High  Frequencies 
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Figure  4.2.2(b)  Spectra  of  U.S.  Consumption  Series.  High  Frequencies 
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Figure  4.2.3(b)  Spectra  of  U.S.  Investment  Series,  High  Frequencies  Figure  4.2.4(b)  Spectra  of  U.S.  Employment  Series,  High  Frequencies 
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u/2n  frequncy  in  cycles  per  quarter 
?ure  4.3.1(a)  Spectra  of  Simulated  Output,  All  Frequencies 


d / 2t\  frequency  in  cycles  per  quarter 
Figure  4.3.2(a)  Spectra  of  Simulated  Consumption,  All  Frequencies 
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Figure  4.3.3(a)  Spectra  of  Simulated  Investment,  All  Frequencies 


Figure  4.3.4(a)  Spectra  of  Simulated  Employment,  All  Frequencies 
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u/lTt  frequency  in  cycles  per  quarter 
Figure  4.3.1(b)  Spectra  of  Simulated  Output,  High  Frequencies 


Figure  4.3.2(b)  Spectra  of  Simulated  Consumption,  High  Frequencies 


oo 

CN 

O 


cj/2jt  frequency  in  cycles  per  quarter 


Figure  4.3.3(b)  Spectra  of  Simulated  Investment,  High  Frequencies 


Figure  4.3.4(b)  Spectra  of  Simulated  Employment,  High  Frequencies 
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components  but  also  cuts  the  high  frequency  components  from  the  nonstationary  series, 
like  output,  consumption  and  investment.  This  is  not  expected  from  our  theoretical 
analysis.  For  employment,  which  is  apparently  "more"  stationary,  as  expected  the  HP 
filter  has  no  impact  on  high  frequencies. 

Two  questions  arise  from  these  results:  (1)  Are  the  spectra  we  estimated  from  a 
sample  of  a nonstationary  series  are  close  enough  to  the  real  spectra?  (2)  Is  the 
relationship  represented  by  equation  (4.13)  still  true  when  the  input  spectrum  is  from  a 
nonstationary  series?  We  shall  return  to  these  points  in  detail  in  part  III. 

Figure  4.3.1  to  4.3.4  show  the  power  spectra  for  simulated  data49  before  and  after 
HP  filtering50.  Figure  4.3.1(a)  to  4.3.4(a)  present  spectra  for  all  frequencies  and  Figure 
4.3.1(b)  to  4.3.4(b)  show  the  high  frequency  part  of  the  spectra.  We  see  that  the  model- 
simulated  data  have  the  characteristic  of  a nonstationary  series:  the  power  does  not  tend 
to  a finite  number  as  the  frequency  approaches  zero.  For  all  the  simulated  data,  however, 
contrary  to  the  U.S  data,  the  HP  filter  preserves  the  high  frequency  components  quite 
well. 

Figure  4.2  and  Figure  4.3  provide  overall  pictures  about  how  the  HP  filter  works 
for  the  different  U.S  data  and  simulated  data.  But  to  see  exactly  how  much  power  has 
been  eliminated  from  those  time  series,  the  graphs  are  not  precise  enough.  Table  4.2  lists 

Like  Hansen,  we  simulate  the  model  100  times.  In  every  simulation,  we  transform 
the  simulated  data  to  the  spectrum.  The  final  results  are  the  average  of  the  1 00  spectrum. 

To  be  comparable,  we  choose  A,=1600,  the  value  widely  used  by  the  RBC 
literature  for  quarterly  data. 
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the  second  moments  of  the  U.S  data  and  of  the  simulated  data  before  and  after  HP 
filtering. 

The  data  are  provided  by  Mark  W.  Watson,  and  cover  the  period  of  57.1-  88.4. 
"Std"  refers  to  the  standard  deviation  of  the  variable;  "Corr"  to  the  correlation  between 
the  variable  and  output.  In  the  parentheses  are  the  standard  deviations  of  the  second 
moments  from  simulated  data. 

It  is  obvious  that  the  standard  deviations  and  correlations  from  both  the  U.S  data 
and  simulated  data  are  changed  dramatically  by  the  HP  filter.  Those  changes  themselves 
can  not  be  interpreted  as  evidence  that  the  HP  filter  distorts  the  statistical  properties  of 
the  data.  What  we  care  about  is  whether  the  changes  in  the  second  moments  are  solely 
because  the  HP  filter  reduces  the  power  of  the  low  frequency  components  of  the  series, 
or  because  of  reductions  in  the  power  of  the  high  frequency  parts.  If  it  is  the  former  effect 
that  is  operating,  then  applying  the  HP  filter  to  U.S  and  simulated  data  is  acceptable,  and 
from  Table  4.2  we  may  conclude  that  the  U.S  data  has  more  powerful  low  frequency  parts 
than  that  of  the  simulated  data.  But  if  it  is  the  latter  effect,  then  the  HP  filter  is 
introducing  undesirable  distortions. 

We  see  from  the  work  in  this  section  that  three  points  are  clear:  (1)  From  the 
transfer  function,  the  HP  filter  preserves  high  frequency  components  (cycles  shorter  than 
4 years)  very  well  when  it  is  used  to  eliminate  the  low  frequency  components,  while  the 
difference  filter  changes  the  power  distribution  for  every  frequency;  (2)  The  HP  filter 
reduces  the  power  of  low  frequency  components  of  both  U.S  data  and  model  simulated 
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data;  (3)  After  HP  filtering,  the  standard  deviations  and  correlations  have  relatively  large 
changes  and  are  usually  smaller  than  before. 

There  are,  however,  questions  and  problems  remaining.  First,  Figure  4.2  shows 
that  the  HP  filter  not  only  cuts  low  frequency  components  but  also  reduces  some  high 
frequency  components  from  U.S  output,  consumption  and  investment  series.  Second,  since 
the  value  of  A,  is  picked  relatively  arbitrarily,  we  would  like  to  know  how  robust  those 
standard  deviations  and  correlations  are  for  different  values  of  A.51  The  next  section 
explores  these  issues. 


4,3  Monte  Carlo  Experiments 

In  the  previous  section  we  have  shown  the  performance  of  the  HP  filter  on  US 
data  and  simulated  data.  In  order  to  investigate  why  the  HP  filter  apparently  had  such  a 
large  effect  on  some  of  the  calculated  statistics,  a Monte  Carlo  experiment  using 
stationary  and  nonstationary  process  is  instructive.  The  models  chosen  are  an  AR(1) 
process,  a random  walk,  and  a UCARIMA  model.  The  AR(1)  model  is 

where  0!  =0.7  and  et  ~ iid  N(0,  0.0212). 


There  is  a potential  third  issue:  Using  the  same  filter  on  different  time  series  may 
leave  different  levels  of  low  frequency  power  for  different  filtered  series.  An  obvious 
question  then  is,  as  an  empirical  issue,  how  severe  is  this  problem?  Our  results  in  the  next 
section  cast  some  light  on  this  issue,  but  we  do  not  examine  it  at  length. 
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The  random  walk  process  is  in  the  form  of 

(l-fi)yf=p+e( 

where  p=0,  et  ~ iid  N(0,  0.052). 

The  third  model  is  the  UCAREMA(2,1,0)  model  employed  by  Watson  (see  Stock 
and  Watson  (1988))  to  fit  U.S  output  data  from  1949:1  - 1984:IV.  This  features  both  a 
deterministic  trend,  p,  and  a stochastic  trend,  plus  a stationary  AR(2)  component.  The 
innovations  of  the  stochastic  trend  and  stationary  component  are  uncorrelated  by 
assumption.  The  model  is 


P s 

y,  = y + yt> 
y?  = n+  y,p  i + ef, 

y’ = VrV  0^-2  + < 


where  p=0.008,  0,=1.5,  02=-O.6  and 


E? 

- iid  N 

0.00572 

0 

Et 

0 

0.00762 

Figure  4.4  depicts  several  sets  of  spectra  of  filtered  and  unfiltered  series  generated 
from  these  three  processes.  We  derive  the  theoretical  non-zero-frequency  spectra  for  those 
time  series  in  appendix  B.  For  the  purpose  of  having  sample  sizes  close  to  that  of  the  post 
war  U.S.  quarterly  data,  we  set  the  sample  size  at  128.  To  show  the  HP  filter’s 
performance,  we  set  X equal  to  10,000,  1600,  400  and  100.  The  spectra  were  estimated 
by  averaging  100  sample  periodograms. 
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Figure  4.4(a)  Power  Spectra  of  an  AR(1)  Process 


Fr#ouncy  m Rodion  (in  Fraction!  of  n ) 


Figure  4.4(b)  Power  Spectra  of  a Random  Walk  Process 


Figure  4.4(c)  Power  Spectra  of  a UCARIMA(2,1,0)  Process 
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Figure  4.4(a)  clearly  shows  that  for  the  AR(1)  process  the  estimated 
spectrumnicely  fits  the  theoretic  spectrum.  For  this  AR(1)  model,  there  exist  a medium 
volume  of  low  frequency  components  (less  than  or  equal  to  0.0625),  that  may  be 
considered  undesirable  for  the  purpose  of  business  cycle  analysis.  Therefore,  it  may  be 
reasonable  to  detrend  the  stationary  time  series  before  computing  any  statistics.  The  figure 
shows  that  the  HP  filter  significantly  reduces  the  power  of  the  low  frequencies  without 
hurting  the  (desirable)  high  frequency  components  very  much.  Also,  the  power  of  the  low 
frequency  components  monotonically  decreases  as  the  smoothing  parameter  decreases. 
Apparently,  an  HP  filter  with  \=1600  does  not  necessarily  eliminate  all  low  frequencies. 
The  spectrum  of  the  filtered  series  with  X=  10,000  is  closer  to  the  theoretical  spectrum 
than  that  of  the  filtered  series  with  h=  1600  for  the  frequencies  from  7t/16  to  7t/8  while 
almost  the  same  for  the  other  high  frequencies. 

Figure  4.4(b)  shows  the  results  from  the  random  walk  process.  The  following 
points  should  be  clear:  First  the  estimated  spectrum  of  the  unfiltered  series  is  higher  than 
the  theoretical  spectrum  over  (0,  7t]52.  This  evidence  reveals  the  fact  that  there  exists 
substantial  power  leakage  when  directly  estimating  a spectrum  for  a nonstationary  process. 
Due  to  the  nature  of  the  discrete  methodology  used  to  estimate  the  sample  spectrum,  if 
the  spectrum  has  a large  peak  at  some  frequency,  then  it  is  possible  that  some  of  the 


52  To  make  reasonable  the  scale  of  the  comparison  between  the  spectra  of  the 
empirical  sample  data  and  the  theoretical  spectra,  we  skip  the  zero  frequency. 
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power  of  this  frequency  will  "leak"  into  the  estimate  of  the  spectrum  at  other 
frequencies53.  The  presence  of  the  leakage  implies  that  inferences  based  on  the  spectrum 
directly  transformed  from  a nonstationary  time  series  are  questionable.  Second,  the 
spectrum  from  the  HP  filtered  series  shows  a close  fit  to  the  theoretical  spectrum  for  all 
high  frequencies  greater  than  0.2jl  The  HP  filter  also  significantly  reduces  the  power  of 
low  frequency  part.  And,  as  in  Figure  4.4(a),  the  smaller  the  smoothing  parameter,  the 
stronger  the  filtering  ability.  Third,  the  first  difference  filter  amplifies  the  power  for  high 
frequencies,  while  reducing  the  spectral  power  for  low  frequencies.  The  resulting 
spectrum  diverges  from  the  theoretical  spectrum.  This  implies  that  the  first  difference 
filter  may  not  be  an  appropriate  device  to  achieve  stationarity  for  the  purpose  of  spectral 
analysis. 

The  power  spectra  of  the  filtered  and  unfiltered  series  from  the  UCARIMA(2,1,0) 
process  are  presented  in  Figure  4.4(c).  This  graph  illustrates  some  useful  points.  First, 
adding  a deterministic  trend  (p=0.008)  drastically  shifts  the  estimated  spectrum  upward. 
This  suggests  that  the  addition  of  a linear  trend  strongly  increases  the  leakage  problem54. 
Second,  the  severe  leakage  problem  can  be  overcome  by  filtering  to  achieve  stationarity. 
The  spectra  of  the  HP  filtered  series  fits  the  theoretical  spectrum  for  high  frequencies 
(greater  than  0.27t)  but  at  the  cost  of  reducing  the  power  of  the  spectra  at  low  frequencies 

53  For  the  detailed  discussion  of  this  issue  see  Jenkins  and  Watts  (1968). 

54  A simulation  study  by  Granger  (1964)  shows  that  the  parameter  size  of  a linear 
trend  is  the  key  factor  which  affects  the  leakage.  The  upward  bias  of  the  estimated 
spectrum  is  more  severe  if  a stronger  deterministic  trend  is  included. 
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(less  than  0.27t)55.  Third,  the  first  difference  filter  cuts  too  much  power  for  frequencies 
less  than  0.35jt  and  exaggerates  the  power  for  the  frequencies  larger  than  0.357t. 

Table  4.3  summarizes  the  results  from  our  Monte  Carlo  experiments.  Examining 
the  table,  the  following  points  are  clear.  First,  it  is  reassuring  to  note  that  the  standard 
deviations  of  the  unfiltered  series  calculated  from  the  frequency  domain  closely  match 
those  computed  from  the  time  domain  for  all  three  models.  However,  when  we  compute 
the  standard  deviation  in  the  frequency  domain  excluding  zero  frequency — which  is 
perhaps  appropriate  for  non- stationary  processes  since  theoretically  the  power  at  zero 
frequency  for  non-stationary  processes  is  infinite — we  see  that  the  standard  deviations  for 
the  random  walk  and  UCARIMA  processes  are  both  substantially  lower  than  the  sample 
standard  deviations.  This  strongly  indicates  that  the  sample  standard  deviations  of  the 
nonstationary  process  do  not  represent  the  actual  variation  attributed  to  cycles  with  finite 
cycle  lengths  very  well.  Second,  the  HP  filter  reduces  the  standard  deviations  and  the 
larger  X,  the  less  is  the  reduction  in  variation.  Combining  this  with  Figure  4.4,  we 
conclude  that  the  decreasing  size  of  the  standard  deviations  in  all  three  models  is  mainly 
attributed  to  the  reductions  in  the  power  of  the  frequencies  less  than  0.27t.  Third,  the 
standard  deviations  computed  from  the  first  differenced  series  are  smaller  than  those 
computed  from  the  HP  filtered  series  except  for  ^.=100.  This  is  the  result  of  fact  that  the 

5 It  is  worthwhile  to  note  that  figure  4(b)  shows  how  the  spectrum  of  the  HP  filtered 
series  with  X=  10,000  is  quite  close  to  the  theoretical  spectrum  for  the  frequencies  from 
0.06257t  to  0.2tc  and  also  has  almost  identical  power  for  the  frequencies  greater  than  0.2tc. 
This  implies  that  an  HP  filter  with  X equal  to  or  larger  than  10,000  may  be  appropriate 
to  serve  as  a filter  to  achieve  stationary. 
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first  difference  filter  cuts  too  much  power  for  frequencies  less  than  0.37t  while  it 
exaggerates  the  power  for  frequencies  greater  than  0.37c. 

Finally,  for  business  cycle  analysis,  economists  usually  pay  attention  only  to 
economic  fluctuations  with  cycle  lengths  less  than  8 years.  From  Table  4.3.1  and  4.3.2, 
we  see  that  the  differences  between  the  filtered  standard  deviations  and  their  population 
counterparts  become  markedly  smaller  as  we  switch  our  focus  to  cycles  less  than  8 years. 
Indeed,  the  filtered  series  with  A.= 10,000  are  very  close  to  their  population  counterparts. 
This  suggests  that  the  HP  filter  with  X=  10,000  or  larger  may  be  able  to  capture  the  subset 
of  time  series  variation  that  most  economists  associate  with  cyclical  fluctuations. 

These  results  give  us  an  answer  to  the  first  question  raised  in  the  previous  section. 
It  seems  clear  that  the  spectra  of  the  nonstationary  data  are  different  than  expected 
because  the  estimated  spectra  are  distorted  due  to  their  nonstationarity.  In  particular,  the 
power  at  zero  frequency  spills  over  to  other  frequencies.  The  HP  filter  with  2c=  1 600  does 
reduce  the  power  of  the  low  frequency  components  but  based  on  Table  4.3.2  it  seems 
clear  that  the  HP  filter  with  X equal  to  1600  might  not  be  the  best  choice  for  the  purpose 
of  approximating  the  high  frequency  part  of  the  spectra.  It  is  worth  of  noting  that  for  the 
frequencies  from  0.0625^  to  0.27t,  a better  fit  is  achieved  by  imposing  a larger  A,.56 

However,  one  question  remains:  How  does  the  choice  of  X affect  the  fit  of 

6 Indeed,  to  deal  with  the  problem  of  excess  power  from  the  undesirable  low 
frequencies  left  over  by  using  same  filter  with  different  time  series,  it  is  perhaps  better 
to  calculate  the  statistics  in  the  frequency  domain  where  we  can  include  only  the  desired 
frequency  variations. 
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calibrated  RBC  models?  We  turn  to  this  in  the  next  section. 

4,4  Fit  of  an  RBC  Model 

We  know  that  the  larger  the  value  of  X,  the  more  the  HP  filter  can  preserve  the 
power  of  high  frequency  components  when  it  is  used  to  detrend  time  series.  Does  the 
choice  of  X affect,  in  a meaningful  way,  the  calculated  second  moments  from  U.S  data 
and  the  model  simulated  data?  That  is,  how  robust  are  those  second  moments  to  the 
parameter  used  in  the  HP  filter?  To  answer  this  question,  Table  4.4  lists  standard 
deviations  and  correlations  of  variables  with  the  output  series  from  filtered  U.S  data  and 
model  simulated  data  with  different  X’s.  This  table  shows  us  that  the  standard  deviations 
and  the  correlations  calculated  by  the  traditional  method  are  not  particularly  robust  to  the 
value  of  the  parameter  used  in  the  HP  filter.  For  the  actual  U.S  data,  the  differences 
between  the  standard  deviations  from  the  time  series  filtered  with  X=  10,000  and  those 
from  filtered  with  X=400  are  a factor  of  about  50%.  The  correlations,  though,  are 
relatively  stable.  Similar  results  are  observed  with  the  simulated  data. 

These  results  raise  a couple  of  questions:  (1)  Is  the  measurement  of  business  cycle 
fluctuations  of  the  U.S.  economy  obtained  by  HP  filtering  dependable,  since  the  second 
moments  of  U.S.  data  are  variable  when  different  values  of  the  smoothing  parameter  are 
used?  (2)  Is  the  matching  of  the  levels  of  the  relevant  standard  deviations  from  the 
simulated  data  and  actual  U.S  data  sensitive  to  the  value  of  XI  Combining  these  with  the 
fact  that  the  value  of  X is  picked  arbitrarily  in  some  degree,  the  legitimacy  of  judging  the 
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model’s  fit  based  on  (only)  A=1600  is  questionable. 

As  both  a theoretical  proposition  and,  as  Table  4.4  demonstrates,  a practical  fact, 
the  larger  the  value  of  A,  the  better  the  HP  filter  preserves  the  high  frequency 
components.  But  the  larger  the  value  of  A,  the  more  low  frequency  components  will  be 
included  in  the  standard  deviations  and  correlations  if  one  calculates  those  statistics  in  the 
time  domain.  This  presents  an  obvious  dilemma  because  when  studying  business  cycles, 
we  do  not  want  long  frequency  data.  The  basic  problem  arises  because  we  are  not  be  able 
to  identify  the  components  of  different  frequencies  in  the  time  domain.  In  the  frequency 
domain,  however,  we  can  easily  identify  the  components  of  different  frequencies,  and 
calculate  the  standard  deviations  and  correlations  including  only  the  power  of  the 
frequencies  we  want  to  investigate.  Hence,  we  propose  the  following  procedure  to 
calculate  the  standard  deviations  and  correlations  in  an  RBC  framework. 

First,  use  the  HP  filter  with  A=10,000  to  filter  time  series.  The  major  purpose  of 
this  filtering  is  to  detrend  the  time  series  before  we  calculate  their  statistics  in  order  to 
limit  the  severe  "leakage"  problem  with  its  attendant  distortion  of  the  spectra  that  arises 
when  the  data  are  non-stationary57.  Choosing  A=  10,000  means  that  over  90%  of  the 
desirable  power  from  high  frequency  components  is  retained.  Of  course,  by  using 
A=  10,000,  quite  a bit  of  undesirable  low  frequency  power  is  also  included,  but  this  will 

57  Since  we  filter  the  data  to  be  rid  of  the  leakage  problem,  filtering  stationary  time 
series  is  not  necessary.  However,  considering  that  empirically  no  one  can  be  sure  about 
the  stationarity  of  the  data,  and  keeping  in  mind  the  fact  that  the  HP  filter  does  not 
eliminate  high  frequency  components,  filtering  all  the  data— both  non-stationary  and  those 
that  may  be  stationary — before  moving  to  next  step  does  no  real  harm. 
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be  excluded  when  we  calculate  the  second  moments. 

Second,  transform  the  filtered  series  to  the  frequency  domain.  The  resulting  sample 
spectra  should  be  very  close  to  the  true  ones,  especially  in  the  high  frequency  part. 
Therefore  comparing  the  high  frequency  components  of  actual  U.S  data  to  those  from  the 
simulated  data  will  provide  us  information  about  the  match  of  model  in  frequency 
domain. 

Third,  calculate  the  standard  deviations  and  correlations  from  the  spectra  including 
only  the  high  frequency  components.  By  doing  this  in  frequency  domain,  theoretically  we 
can  get  the  standard  deviation  and  correlation  contributed  by  any  suggested  frequency 
band  width;  empirically,  with  an  increasing  sample  size,  the  degrees  of  freedom  for 
choosing  the  band  width  will  increase. 

The  final  step  after  this  procedure  is  conventional:  compare  the  estimated  standard 
deviations  and  correlations  from  the  actual  and  model  generated  data  to  see  whether  they 
are  "close". 

We  can  use  Hansen’s  (1985)  model  to  explore  the  results  from  this  suggested 
procedure.  First,  Figure  4.5  shows  the  spectra  from  actual  U.S.  data  and  the  model 
generated  data  after  being  filtered  with  X=10,000.  We  see  in  Figure  4.5.1(a)  and  (b),  that 
the  model  simulated  output  series  has  higher  power  in  almost  every  frequency  than  the 
corresponding  spectrum  from  U.S.  data.  Hence  the  model  simulated  output  series 
fluctuates  more  than  the  actual  U.S  output  series.  Figures  4.5.3  and  4.5.4  are  similar.  For 
both  the  investment  and  employment  series,  the  spectra  of  the  simulated  data  are  generally 
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Figure  4.5.1(a)  Spectra  of  Output  Series,  All  Frequencies 
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Figure  4.5.4(a)  Spectra  of  Employment  Series,  All  Frequencies 
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Figure  4.5.1(b)  Spectra  of  Output  Series,  High  Frequencies 


u/li\  frequency  in  cycles  per  quarter 
Figure  4.5.2(b)  Spectra  of  Consumption  Series,  High  Frequencies 


w/ 2rt  frequency  in  cycles  per  quarter 
Figure  4.5.3(b)  Spectra  of  Investment  Series,  High  Frequencies 


Figure  4.5.4(b)  Spectra  of  Employment  Series,  High  Frequencies 
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above  those  of  actual  data  so  the  standard  deviations  of  investment  and  employment  from 
simulated  data  will  be  larger  than  their  corresponding  from  U.S  data.  Figure  4.5.2(a)  tells 
us  the  opposite  story  is  true  for  consumption.  Here  the  spectrum  of  the  simulated 
consumption  series  is  always  under  that  of  actual  U.S  consumption,  especially  in  the 
lower  frequencies.  This  indicates  that  the  standard  deviation  of  U.S  consumption  series 
is  larger  than  that  of  the  simulated  series  and  that  the  biggest  differences  occurs  for 
frequencies  between  jt/16  to  rc/8.  All  in  all,  it  seems  that  the  match  between  the  power 
spectra  of  U.S  data  and  simulated  data  is  not  bad,  except  for  the  consumption  series.  Next 
we  need  to  quantitatively  check  the  fit 

Table  4.5.1  lists  the  standard  deviations  and  correlations  from  the  U.S  data  and  the 
simulated  data  calculated  using  the  procedure  suggested  above.  The  first  group  in  the 
table  includes  all  fluctuations  with  cycle  length  shorter  than  8 years  (frequencies  higher 
than  7t/l  6).  This  is  the  business  cycle  part  of  economic  fluctuations  that  real  business 
models  should  be  trying  to  measure  and  explain.  We  see  that  the  standard  deviations  of 
the  output  series  are  very  close.  The  standard  deviations  of  both  investment  and 
employment  from  the  simulated  data  are  larger  than  those  from  the  U.S.  data.  The  worst 
match  is  for  the  standard  deviations  of  the  consumption  series.  The  fluctuation  of  the 
simulated  data  is  only  half  that  of  U.S.  data  as  measured  by  the  standard  deviation.  The 
table  also  shows  that  the  correlations  between  output  and  the  other  variables,  are  generally 
a little  higher  with  the  simulated  data. 

The  second  and  third  parts  of  Table  4.5.1  present  the  standard  deviations  and 
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correlations  that  are  contributed  by  the  frequency  components  with  cycle  lengths  less  than 
4 years  and  2 years.  As  the  length  of  the  cycle  being  considered  decreases,  generally  the 
match  of  the  standard  deviations  and  correlations  deteriorates.  Only  for  consumption  is 
the  difference  between  the  standard  deviation  from  the  actual  U.S  data  and  that  of  the 
simulated  data  reduced  when  moving  to  cycles  with  a shorter  length.  Additionally,  the 
table  shows  that  the  correlations  between  actual  output  and  the  other  variables  decreases 
as  shorter  cycles  are  considered.  This  suggests  that  for  these  very  short  cycle  fluctuations, 
changes  in  consumption,  investment  and  employment  are  not  so  closely  related  to  changes 
in  output,  as  are  the  long  cycle  fluctuations.  However,  the  correlations  from  the  simulated 
data  tell  the  opposite  story.  Here  the  correlations  remain  constant  or  increase  as  the  cycle 
length  is  reduced.  Clearly  this  indicates  that  the  simulated  data  are  missing  some  aspects 
of  the  real  world  data. 

Table  4.5.2  and  4.5.3  present  similar  standard  deviations  and  correlations 
calculated  using  values  for  X of  1600  and  400.  While  the  quantitative  standard  deviations 
and  correlations  differ,  it  is  clear  that  the  qualitative  results  in  these  tables  are  similar  to 
those  in  Table  4.5.1.  In  particular,  the  standard  deviations  of  the  actual  output  and 
simulated  output  are  quite  close,  though  they  become  less  so  when  shorter  cycles  are 
considered.  The  standard  deviation  of  the  simulated  consumption  series  remains  well 
below  that  of  the  actual  series,  while  the  standard  deviations  of  the  actual  investment  and 
employment  data  are  somewhat  less  than  those  of  the  simulated  data.  And,  disturbingly, 
the  simulated  correlations  between  output  and  the  other  series  diverge  quite  strongly  from 
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the  actual  correlations  between  output  and  the  other  data  as  shorter  cycles  are  considered. 

Even  though  the  results  of  Tables  4.5.2  and  4.5.3  are  similar  to  those  in  Table 
4.5.1,  we  see  that  there  is,  however,  an  important  quantitative  difference.  In  particular, 
when  we  filtered  the  data  using  values  of  X less  than  10,000,  the  standard  deviations  of 
the  variables  are  smaller  than  when  we  used  X equal  to  10,000.  This  result  is  what  we 
expected,  since  we  know  from  Figure  4.1  and  4.4  that  as  X becomes  smaller,  there  is  a 
greater  reduction  in  the  power  of  the  (desirable)  business  cycle  higher  frequencies. 

In  order  to  exhibit  the  dynamics  of  the  filtered  time  series,  we  draw  the  original 
U.S.  GNP  time  series  and  the  filtered  series  (GNP,  consumption,  investment  and 
employment)  in  Figure  4.6.1  and  Figure  4.6.2  ~ 4.6.5  respectively.  In  the  Figure  4.6.2  ~ 
4.6.5,  the  filtered  series  1 includes  all  the  components  whose  cycles  are  under  8 years; 
the  filtered  series  2 includes  the  all  the  components  whose  cycles  are  under  4 years;  the 
filtered  series  3 only  includes  the  components  the  components  whose  cycles  are  shorter 
than  2 years  (some  economists  refer  those  components  to  be  noises). 

From  the  comparison  of  Figure  4.6.1  and  4.6.2,  we  can  see  that  the  filtered  GNP 
series  captured  the  major  characteristics  of  business  cycle  fluctuations  of  U.S.  economy 
and  also  the  filtered  series  categorize  the  fluctuations  with  different  cycles.  From  1957 
(the  beginning  of  our  sample)  to  1970,  approximately  all  the  cycles  of  fluctuations  are  not 
longer  than  4 years  since  the  curves  of  filtered  series  1 and  series  2 are  very  close  to  each 
other.  After  generally  in  the  U.S.  economy,  the  long  cycle  components  are  more  powerful 
than  the  short  cycle  components,  indicating  that  usually  the  long  cycle  fluctuations  in  U.S. 
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Figure  4.6.5  U.S.  Employment  Series,  Detrended  and  Filtered 
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economy  play  a major  role  in  the  deviation  from  its  growth  track.  It  is  obvious  that 
fluctuations  in  consumption,  investment  and  employment  share  the  same  pattern  as  GNP 
series  from  examining  the  Figure  4.6.2  ~ 4.6.5.  Synthesizing  Figure  4.6.2  to  4.6.5,  it  is 
clear  that  the  long  cycle  components  in  four  time  series  are  more  correlated  than  the  short 
cycle  components.  This  visualized  information  matches  the  numerical  correlations  in 
Table  5. 

In  summery,  the  suggested  procedure  has  following  points  that  differ  from 
conventional  method:  (1)  start  with  X=  10,000  as  the  smoothing  parameter  for  the  HP  filter 
rather  than  A,=1600.  This  change  retains  more  of  the  high  frequency  components  after 
filtering.  Our  purpose  in  filtering  is  not  try  to  reduce  all  the  undesired  low  frequency 
components  (as  in  the  traditional  method)  but  just  to  detrend  the  series,  so  that  the 
spectrum  no  longer  has  a severe  leakage  problem.  (2)  Move  the  work  of  calculating  the 
standard  deviations  and  correlations  from  the  time  domain  to  the  frequency  domain.  By 
so  doing,  we  can  easily  identify  the  business  cycle  components  and  get  statistics  which 
are  determined  by  them.  Thus,  the  statistics  from  our  procedure  can  measure  business 
cycle  fluctuations  more  precisely,  and  enable  us  to  better  check  the  fit  of  model  in  this, 
the  relevant,  dimension. 


4,5  Summery  and  Conclusions 

Following  King  and  Rebelo  (1993)  and  Watson  (1993),  we  study  the  filtering 
methodology  and  business  cycle  in  the  frequency  domain.  For  models  designed  to  explain 
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the  business  cycle,  isolation  of  the  business  cycle  part  of  fluctuations  from  the  trend  part 
is  crucial.  In  pursuing  this  goal,  researchers  need  to  pick  fluctuations  within  a certain 
length.  Kydland  and  Prescott  (1982)  suggest  8 years  as  an  upper  bound  for  business  cycle 
lengths  and  hence  propose  to  use  the  HP  filter  with  a smoothing  parameter  of  A.=1600  to 
select  these  frequencies.  While  this  filter  has  been  widely  applied  for  more  than  ten  years, 
until  King  and  Rebelo  (1993)  very  little  research  focused  on  this  issue.  Theoretically, 
King  and  Rebelo  found  that  the  HP  filter  ought  to  preserve  much  of  the  high  frequency, 
business  cycle  components  of  the  data  when  used  to  detrend  data.  Empirically,  however, 
they  found  that  HP  filtering  alters  measurements  of  persistence,  variability  and  co- 
movement. 

King  and  Rebelo’s  empirical  work  looked  at  only  the  time  domain  representation 
of  the  data.  We  focus  almost  exclusively  on  the  frequency  domain  representation.  The 
frequency  domain  has  a major  advantage  because  it  enables  us  to  calculate  a precise 
measure  of  the  variance  and  correlations  that  result  from  business  cycle  fluctuations. 
Calculating  these  statistics  in  time  domain  forces  us  to  use  not  only  fluctuations  with 
business  cycle  lengths  but  also  fluctuations  that  are  better  described  as  trend  or  growth 
components  of  the  data. 

We  find  that  by  properly  adjusting  the  smoothing  parameter,  the  HP  filter  can  be 
set  to  preserve  a selected  proportion  of  frequency  components  higher  than  a selected  level 
when  it  is  used  to  detrend  different  time  series.  But,  even  though  the  HP  filter  can  be 
very  good  at  saving  high  frequency  components  of  the  data,  the  way  it  is  employed  in 
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real  business  literature  is  questionable.  For  business  cycle  research,  we  want  to  retain 
frequency  components  that  have  the  cycles  shorter  than  8 year.  With  this  as  our  goal,  the 
conventional  use  of  A,=1600  is  not  a sound  choice  for  the  smoothing  parameter  because 
it  cuts  too  much  of  the  business  cycle  components  from  both  the  U.S  data  and  the 
simulated  data. 

To  avoid  these  problems  we  suggest  a new  procedure  to  measure  how  well  real 
business  cycle  models  match  against  actual  data:  1)  Use  the  HP  filter  to  filter  the  time 
series  with  10,000;  2)  Calculate  the  standard  deviation  and  correlation  in  frequency 
domain  and  include  only  the  components  which  are  thought  to  be  cyclical  part  of  the 
fluctuations.  In  this  method,  the  HP  filter  is  not  used  to  try  to  remove  all  the  undesired 
low  frequency  components  but  only  to  detrend  the  data.  Our  second  step  enables  a more 
removal  of  undesired,  low  frequency,  "trend"  components  of  the  data.  And,  from  the  point 
of  view  of  determining  the  match  between  the  simulated  data  and  actual  data,  our 
proposed  method  enables  us  to  emphasize  whatever  frequencies  the  investigator  wishes 
to  stress. 

Taking  Hansen  (1985)’s  model  as  a benchmark,  our  results  suggest  that  in  the 
frequency  band  of  7t/16  ~ K (which  implicitly  defines  the  business  cycle  as  fluctuations 
with  length  under  8 years),  the  standard  deviation  match  of  the  output  and  employment 
series  from  U.S  data  and  the  model  are  quite  good,  while  the  match  between  consumption 
and  investment  is  not  so  good.  The  correlation  matches  between  output  and  the  other  data 
series  are  reasonably  good.  When  we  narrow  the  width  of  frequency  band  to  7t/8  ~ it  and 


144 


further  to  7t  /4  ~ k,  (with  corresponding  cycle  lengths  under  4 years  and  under  2 years 
respectively),  the  model’s  match  substantially  declines.  This  is  particularly  true  for  the 
correlations  between  output  and  the  other  data  series.  In  the  actual  data,  these  correlations 
fall  in  magnitude  as  shorter  cycles  are  considered.  In  the  simulated  data,  however,  the 
correlations  increase  in  size  so  that  when  very  short  cycles  are  examined  the  correlations 
generated  by  the  simulated  data  are  quite  a bit  different  than  those  generated  by  the  actual 
data. 

Finally,  we  think  the  Filtering  method  and  spectral  theory  have  the  great  potential 
in  macroeconomics  and  time  series  researches.  While  most  researches  of  macro-time 
series  rely  on  the  assumptions  which  are  difficult  to  verify,  the  non-prior-believe 
advantage  of  filtering  method  appear  to  be  very  attractive.  Plus  the  immediate 
interpretation  of  power-frequency  distribution,  filtering  methodology  will  be  one  of  the 
major  tools  in  economics  time  series  study. 
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Table  4. lCritical  Values  of  HP  Transfer  Function 


Parameter 

Values 

Jt/16 

(cycle  length:  8 years) 

Jt/12 

(cycle  length:  6 years) 

rt/8 

(cycle  length:4  years) 

X=400 

0.10 

0.40 

0.80 

A,=1600 

0.50 

0.80 

0.95 

>.=10000 

0.90 

0.95 

0.99 
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Table  4.2  The  HP  Fltering  Effect  (A.=  1600) 


U.S.  Dataf 

Unfiltered  Filtered 


Simulated  Data* * 
Unfiltered  Filtered 


Variables 

Std 

Corr 

Std 

Corr 

Std 

Corr 

Std 

Corr 

output 

15.08 

1.00 

2.18 

1.00 

5.04 

1.00 

2.18 

1.00 

consumption 

15.50 

0.99 

1.26 

0.77 

(1.28) 

3.12 

(0.00) 

0.84 

(0.24) 

0.64 

(0.00) 

0.86 

investment 

16.90 

0.96 

5.53 

0.92 

(U4) 

13.06 

(0.05) 

0.93 

(0.10) 

7.10 

(0.04) 

0.98 

employment 

3.36 

-0.09 

1.55 

0.85 

(2.60) 

2.91 

(0.03) 

0.83 

(0.78) 

1.66 

(0.01) 

0.98 

(0.52) 

(0.07) 

(0.18) 

(0.01) 

t The  data  are  provided  by  Mark  W.  Watson,  and  cover  the  period  of  57. 1~  88.4. 

* Within  the  parentheses  are  standard  deviations  of  second  moments  from  simulated  data. 


Table  4.3.1  Standard  Deviations  in  Percentage 
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Table  3.2  Standard  Deviations  in  Percentage  of  High  Frequency  Part 
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* Std  2 signifies  the  standard  deviations  those  are  presented  by  the  cycles  whose  lengths  are  less  than  8 years. 


Table  4.4  Second  Moments  of  Filtered  Series 
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Table  4.5.1  Statistics  from  U.S.  and  Simulated  Data 


U.S  data 

Simulated  data 

Variables 

Std 

Corr 

Std 

Corr 

>.=10000 

Group  1 (Cycle  length  less  than  8 years) 

output 

2.29 

1.00 

2.30 

1.00 

consumption 

1.29 

0.75 

0.68 

0.86 

investment 

6.00 

0.93 

7.48 

0.99 

employment 

1.62 

0.85 

1.75 

0.99 

Group  2 (Cycle  length  less  than  4 years) 


output 

1.59 

1.00 

1.65 

1.00 

consumption 

0.75 

0.71 

0.42 

0.92 

investment 

3.38 

0.90 

5.42 

0.99 

employment 

1.00 

0.80 

1.26 

0.99 

Group  3 (Cycle  length  less  than  2 years) 


output 

0.76 

1.00 

1.13 

1.00 

consumption 

0.39 

0.48 

0.28 

0.94 

investment 

1.65 

0.71 

3.74 

0.99 

employment 

0.58 

0.66 

0.87 

0.99 
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Table  4.5.2  Statistics  from  U.S.  and  Simulated  Data 


Variables 

Std 

U.S  data 

Corr 

Simulated  data 
Std  Corr 

>.=1600 

Group  1 (Cycle  length  less  than  8 years) 

output 

2.12 

1.00 

2.09 

1.00 

consumption 

1.18 

0.77 

0.59 

0.87 

investment 

5.45 

0.93 

6.84 

0.99 

employment 

1.50 

0.85 

1.60 

0.99 

Group  2 (Cycle  length  less  than  4 years) 

output 

1.56 

1.00 

1.60 

1.00 

consumption 

0.74 

0.71 

0.40 

0.93 

investment 

3.32 

0.89 

5.31 

0.99 

employment 

0.98 

0.79 

1.24 

0.99 

Group  3 (Cycle  length  less  than  2 years) 

output 

0.76 

1.00 

1.12 

1.00 

consumption 

0.39 

0.47 

0.26 

0.96 

investment 

1.65 

0.70 

3.70 

0.99 

employment 

0.58 

0.67 

0.87 

1.00 

Table  4.5.3  Statistics  from  U.S.  and  Simulated  Data 


U.S  data 

Simulated  data 

Variables 

Std 

Corr 

Std 

Corr 

X=400 

Group  1 (Cycle  length  less  than  8 years) 

output 

1.82 

1.00 

1.84 

1.00 

consumption 

0.95 

0.77 

0.48 

0.90 

investment 

4.44 

0.91 

6.04 

0.99 

employment 

1.26 

0.83 

1.42 

0.99 

Group  2 (Cycle  length  less  than  4 years) 

output 

1.50 

1.00 

1.56 

1.00 

consumption 

0.71 

0.71 

0.38 

0.93 

investment 

3.19 

0.89 

5.15 

0.99 

employment 

0.94 

0.78 

1.21 

0.99 

Group  3 (Cycle  length  less  than  2 years) 

output 

0.75 

1.00 

1.11 

1.00 

consumption 

0.38 

0.44 

0.26 

0.96 

investment 

1.61 

0.69 

3.68 

0.99 

employment 

0.57 

0.65 

0.86 

0.99 

CHAPTER  5 


CONCLUSIONS 

This  dissertation  first  empirically  examines  the  role  of  one  of  the  three  major 

monetary  policy  instruments  discount  rate  change  announcement.  The  results  of 

chapter  2 suggest  that  the  role  of  the  discount  rate  has  changed  over  time  as  the  Fed  has 
altered  its  operating  procedures.  When  the  Federal  Reserve  implemented  policy  using 
nonborrowed  or  borrowed  reserve  operating  procedures,  we  find  that  the  discount  rate  was 
used  as  an  independent  policy  instrument  to  adjust  reserve  availability  and  market  interest 
rates.  During  these  periods,  we  find  no  evidence  that  the  Fed  made  technical  adjustments 
in  the  discount  rate  to  affect  the  spread  or  the  level  of  discount  window  borrowing.  Our 
finding  of  an  important  policy  role  for  the  discount  rate  under  reserve  targeting  is 
consistent  with  the  presence  of  significant  announcement  effects  found  by  others  in  this 
time  period. 

In  contrast,  because  open  market  operations  are  assigned  to  be  the  principal  policy 
instrument  under  interest  rate  targeting,  the  discount  rate  must  necessarily  play  second 
fiddle.  During  the  two  episodes  of  funds  rate  targeting,  we  find  that  the  discount  rate 
performed  a dual  role.  Some  discount  rate  changes  were  purely  technical  changes 
designed  to  alter  the  spread  and  discount  window  borrowing.  Others  appear  to  have  been 
timed  to  coincide  with  funds  target  changes  to  reinforce  the  impact  of  the  target  change 
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or  to  signal  future  policy  actions.  Moreover,  during  the  pre-October  1979  period  of  funds 
rate  targeting,  we  find  that  the  language  of  the  Fed’s  discount  rate  announcement 
accurately  classified  these  two  types  of  discount  rate  changes  as  suggested  by  Cook  and 
Hahn  (1988). 

Chapter  3 takes  a widely  used  dynamic  business  cycle  model  with  single  shock 

source technology  shock  - — to  check  its  robustness  against  the  adjustment  of  the 

value  of  its  parameters.  The  study  shows  that  when  one  parameter’s  value  is  changed,  the 
calculated  standard  deviation  and  correlations  vary  monotonically  along  the  direction 
implied  by  economic  intuition,  and  generally,  those  changes  are  not  abrupt  but  gradual. 
When  we  looked  at  the  effect  different  calibrations  had  on  pairs  of  the  standard  deviations 
and  correlations,  we  again  found  that  relatively  small  changes  in  the  values  used  for 
parameters  could  lead  to  relative  large  changes  in  the  model’s  computed  standard 
deviations  and  correlations.  Thus,  it  seems  that  the  standard  deviations  and  correlations 
from  at  least  the  bench  mark  real  business  cycle  model  studies  depend  quite  sensitively 
on  the  values  for  the  calibrated  parameters  selected  by  the  researcher.  In  examining  the 
fit  of  the  model,  we  see  that  changing  calibrations  can  provide  the  model  builder  an 
opportunity  to  obtain  a closer  match  for  the  second  moments  of  the  model  and  actual 
economy,  but  it  will  not  change  by  much  the  cross  time  properties  of  model  generated 
series  in  the  frequency  distributions.  Different  calibrations  only  proportionally  enlarge  or 
compress  fluctuations  in  different  frequencies  but  not  their  relative  power. 

Chapter  4 suggests  a new  procedure  to  measure  business  cycle  which  refines  the 


traditional  method  proposed  by  Hodrick  and  Prescott  (1980).  In  this  new  method,  the  HP 
filter  is  not  used  to  try  to  remove  all  the  undesired  low  frequency  components  but  only 
to  detrend  the  data.  The  second  step  enables  a more  removal  of  undesired,  trend 
components  of  the  data.  From  the  viewpoint  of  determining  the  match  between  the 
simulated  data  from  a dynamic  business  cycle  model  and  actual  data,  our  proposed 
method  enables  us  to  emphasize  whatever  frequencies  the  investigator  wishes  to  stress. 


Appendix  A An  RBC  Model  with  Indivisible  Labor 


We  briefly  introduce  the  one-sector  stochastic  growth  model  with  indivisible  labor 
of  Hansen  (1985).  The  economy  is  populated  by  a continuum  of  identical  infinitely  lived 
households  with  names  on  the  closed  interval  [0,1].  The  households  solve  the  following 
problem: 


max  E £ pf  u(ct,  a),  given  k^,  A0 
with  u(cr  a)  = log(cf)+Aa,  logfl-^ 

subject  to 


(A.1) 


c(  + it  ± wt  a,  h0  + rt  kt 
and  ktn  = (1-5)  kt  + it 


(A.2) 


Where  u(c,l-h)  is  the  utility  function,  ct  denotes  consumption,  h0  is  the  indivisible  labor 
input,  ot,  is  the  probability  of  getting  a job  in  period  t,  \ is  investment,  Iq  is  capital,  A0 
is  initial  stock  of  technology,  rt  is  capital  return,  wt  is  wage  rate  and  8 is  capital 
depreciation  rate.  There  is  a single  firm  with  access  to  technology  described  by  a standard 
Cobb-douglas  production  function  of  the  form: 


F(A„  kt,  h)  = AfiX  (A-3) 

with  1\=  cx,  h0  and  At  following  the  law  of  motion: 
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log  At^  = ylog  At  + et  (A.4) 

where  e,’s  are  normally  distributed  iid  with  zero  mean  and  variance  of  cr2.  Also,  for  the 
economy  there  is  a resource  constraint: 

cf  + i,  <;  F(At,  Kt,  h)  (A.5) 

The  theoretical  solution  of  above  model  is  extremely  difficult,  so  a so-called  linear- 
quadratic  approximation  method  is  employed,  which  is  proposed  by  Kydland  and  Prescott 
in  their  influential  paper  of  1982.  The  value  of  the  parameter  0,  8,  p,  A,  y,  1^  and  a2  are 
assigned  based  on  empirical  evidence  and  common  sense.  They  are  respectively  0.36, 
0.025,  0.99,  2,  0.95,  0.53  and  0.00712. 

Appendix  B "Spectra"  of  ARfMA(p,d,q)  Models 
Consider  an  ARMA(p,q)  process, 

%(B)xr4>q(B)et  (B.l) 

where  Qp(B)  and  <j)4(B)  satisfy  stationary  and  invertible  conditions  respectively.  From 

(4.12)  and  (4.13)  and  the  fact  that  the  spectrum  of  the  white  noise  process,  E(  is  cr^Jt,  it 
follows  that 

It  is  clear  that  the  ARMA(p,q)  process  has  a finite  spectrum.  Similarly,  an 
ARIMA(p,d,  q)  process  can  be  written  as 
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(B.2) 


0p(fl)(l  -Bfyr*q{B)zt 


(B.3) 


In  terms  of  the  terminology  of  filter  theory  this  is  merely  a filtered  version  of  the 
ARMA(p,q)  process,  and  thus  from  (4.12),  (4.13),  and  (B.2),  it  follows  that 


It  is  clear  here  that  the  ARIMA(p,d,q)  process  has  an  infinite  power  at  zero  frequency  and 
finite  power  at  frequencies  elsewhere.  The  theory  of  spectral  analysis  does  not  guarantee 
that  one  can  get  reliable  Fourier  transformation  of  a nonstationary  time  series  that 
approaches  its  frequency  counterpart,  the  spectrum.  Granger  (1964)  points  out  that  the 
power  spectrum  of  a deterministic  trend  is  zero  everywhere  except  for  a jump  at  the 
origin  and  the  size  of  the  jump  is  proportional  to  the  sample  "variance"  of  the  trend. 
Thus,  it  is  clear  that  the  power  spectrum  of  a stochastic  process  with  deterministic  trend 
is  identical  to  that  of  the  same  stochastic  process  without  a deterministic  trend  except  for 


(B.4) 


i.e. 


(B.5) 
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a jump  at  the  origin.  Therefore,  the  "non-zero-frequency"  spectrum  of  a ARIMA  model 
with  drift  is  the  same  as  the  non-zero-frequency"  spectrum  of  corresponding  one  without 
drift.  Since  UCARIMA(p,d,q)  and  ARIMA(p,d,q)  are  observationally  equivalent,  they 
have  same  "non-zero-frequency"  spectrum. 
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